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Recent studies have explored the cost and time benefits of using artificial intelligence (Al), particularly large
language models (LLMSs), in coding student essays. While these models show promise, not enough is under-
stood about the factors that affect how their qualitative coding performance compares to human coding. This
study examines coding accuracy for content errors in college student essays on criminological theories by
comparing human-coded results with outputs from four LLMs. We evaluated human-Al correlations, Al error,
and Al bias across four LLMs, five prompt types, three theory content coding dimensions, and four crimino-
logical theories. Results indicate that LLM choice significantly influenced human-Al correspondence, with
Claude Sonnet 4 exhibiting the best overall performance and GPT 4.1 Mini the worst. Prompt type had min-
imal impact on performance. Across models, error rates were lowest when identifying whether students listed
a concept, and highest when assessing whether definitions were correct. LLMs performed better on concise
theories than on more complex ones. The code is available at https://github.com/imrryr/LLM-queries
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1. INTRODUCTION

When assessing student writing, instructors must consider two important dimensions: concep-
tual ways to measure student comprehension and the point value (score) to assign to each facet
of an assignment. The first task often involves determining what constitutes a correct or incor-
rect answer, which may be thought of as the process of coding, in which instructors assess the
extent of students’ comprehension. The second task, scoring an assignment, involves assigning
a quantitative value that represents the degree of student comprehension. Evaluating written
assignments can be time-consuming and tedious, especially for instructors who aim to provide
individualized feedback. Therefore, the aim of automated essay scoring (AES) is to reduce
workloads for faculty, process high volumes of essays from high-stakes assessments, and pro-
vide consistency of evaluation for course credit (Kooli & Yusuf, 2025; Pack et al., 2024).
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AES refers to the use of computer algorithms to evaluate and assign scores to written essays
by analyzing features of the text, such as content relevance, organization, grammar, vocabulary,
coherence, and sometimes argument quality, to approximate human rater judgments in a con-
sistent and scalable way (Shermis & Wilson, 2021). The present study builds on deductive
qualitative content analysis by applying predefined theory-based concepts to student texts in a
manner consistent with traditional qualitative methods (McClure et al., 2024). Although tradi-
tional AES systems were not explicitly grounded in qualitative methods, both human coding
and AES involve the systematic application of analytic criteria to text. While human coders
apply these criteria based on professional judgment and expertise, AES systems make determi-
nations algorithmically. In the context of theory-based evaluation of student essays, automated
essay scoring can thus be understood as a specialized form of deductive coding. Contemporary
AES frameworks simultaneously evaluate multiple dimensions and traits of writing quality,
such as grammar, coherence, content relevance, and semantic accuracy, reflecting a shift from
relying solely on holistic scoring approaches (Sun & Wang, 2024). While AES has historically
relied on simpler computer algorithms to analyze and comment on student essays, the emer-
gence of artificial intelligence (Al), particularly in the form of large language models (LLMs),
offers a natural extension of AES capabilities (Mizumoto & Eguchi, 2023).

LLMs are transformer-based neural network models that can generate logically coherent text
by training on large amounts of language data (Lo, 2023a; Mizumoto & Eguchi, 2023; Pack et
al., 2024). Recent studies note the advantages of using LLMs in the deductive qualitative coding
process or applying codes to data based on an established codebook (Kirstin et al., 2024; Jiang
et al., 2021). Some evidence suggests that Als can assist humans in coding data, such as identi-
fying patterns more quickly (Lopez-Fierro & Nguyen, 2024), and for certain tasks, LLM coding
is comparable to the level of consensus reached by human coders (Chew et al., 2023; Kirstin et
al., 2024). Thus, the use of LLMs may be a beneficial tool to offset the time-consuming process
of coding (Morgan, 2023). Indeed, for most coding tasks, Al completes them considerably faster
than human coders (Chew et al., 2023; Morgan, 2023) and, in some cases, more accurately
(McClure et al., 2024).

While LLMs show promise in automatically scoring and providing feedback for student es-
says and in coding qualitative data, the results depend on prompt engineering and the choice of
Al model (Cain, 2024). Prompt engineering is the art and science of providing clear instructions
to Al to produce desired outputs (Lo, 2023a). However, this field is still in its infancy, and to
enable Al to evaluate essays effectively, studies are needed to examine how prompts affect how
competing LLM models code essays compared to human coding.

Our approach builds on deductive qualitative content analysis, applying predefined theory
concepts to student texts in a manner consistent with traditional qualitative methods (McClure
et al., 2024), with applications to AES. While the procedure resembles deductive qualitative
coding, the objective of the present study is evaluative scoring of theory-based concepts in stu-
dent writing. Specifically, we translate deductive essay coding rubrics into zero-shot prompts
with various levels of information. This paper explores how variations in these zero-shot
prompts affect concordance between Al and human coding of criminological theory concepts
from student essays. Our goal is to evaluate which model and prompt type best align with human
coding. In addition, we examine how the LLMs perform compared to humans on coding dimen-
sions (i.e., listing, attempting to define concepts regardless of accuracy, or correctly defining
theoretical concepts) and whether alignment varies by the criminology theories discussed in the
student papers. We assess alignment with humans on each of these factors through correlation,
error rate, and bias measures.
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2. LITERATURE REVIEW

2.1. HISTORY AND CURRENT USES OF AUTOMATED ESSAY SCORING

Ellis Page created the first AES system, Project Essay Grade (PEG), in the 1960s (Page, 1966).
This system was designed to predict writing quality. It used proxy variables (e.g., average sen-
tence length, number of paragraphs, essay length in words) to measure different writing
constructs (Chung & O’Neil, 1997). The system was trained using human-scored essays to cre-
ate prediction models based on correlation statistics (Dikli, 2006). Once trained, subsequent
essays were scored based on these models. While the models were able to assess surface-level
features, they could not evaluate content, and new prediction models were needed to analyze
different essays (Chung & O’Neil, 1997). Since PEG, numerous AES systems have been devel-
oped in recent decades, with notable examples such as E-rater, Intelligent Essay Assessor, and
Criterion (Dikli, 2006). AES systems have been created based on patterns and statistics, Natural
Language Processing, and more recently, deep learning techniques (Ramesh & Sanampudi,
2022).

The key feature of each system is to grade (score) essays using input from previously scored
essays. There are three major scoring approaches: holistic, analytical, and trait-based scoring.
In a holistic approach, also considered the fastest and least expensive, many features of an essay
are considered, but an overall score is generated based on the whole of the piece (Chung &
O’Neil, 1997; Ke & Ng, 2019). An analytical approach to scoring includes a scale for each
criterion, scores, and feedback for each criterion (Ke & Ng, 2019). Some essay grades or scores
are calculated by summing the scale scores, while others use criterion weights. Finally, in trait-
based scoring, a single trait or multiple traits of a text piece may be examined. The purpose of
the writing determines the exact trait or traits examined and, in some cases, by the availability
of raters, as multi-trait scoring is considered the most labor-intensive, time-consuming, and cost-
intensive of the three scoring approaches (Ohta et al., 2018). Ideally, an AES system would
yield the same overall score for an essay regardless of the scoring approach.

Establishing consistency in scoring between humans and AES systems is necessary before
instructors can fully make use of these systems. Past research suggests AES systems can reach
high levels of agreement with human raters (Lim et al., 2021; Yun, 2023). AES systems offer
consistency in scoring for grading, objective assessment, the ability to detect plagiarism, and
the ability to identify grammar, mechanics, and other linguistic features (Sevcikova, 2018).
However, they have also been criticized for their emphasis on surface-level information and
inability to evaluate content development (Sevcikova, 2018) or linguistic context (Atkinson &
Palma, 2025). Additionally, these systems can be costly to run (Sevcikova, 2018). Finally, AES
and human raters are also subject to reliability and validity concerns (Ramesh & Sanampudi,
2022). Some of these concerns may be addressed using LLMs.

The use of LLMs for AES is a more recent area of investigation (Mizumoto & Eguchi, 2023).
AES systems were designed with a focus on essays to evaluate content mastery or grammar and
mechanics, whereas LLMs were developed more broadly to assess and generate human lan-
guage, answer questions, and complete other language-related tasks, offering a range of
opportunities for learning (Kasneci et al., 2023). The response generated by an LLM depends
on the model used and varies across tasks (Mansour et al., 2024; Shen et al., 2023).

Mizumoto and Eguchi (2023) provide an early test of the ability of the ChatGPT-3.5 text-
davinci-003 model to automatically score TOEFL11, a test for non-native English speakers.
TOEFL (Test of English as a Foreign Language) evaluates English proficiency and scores each
essay as low, medium, or high. They find that a high degree of accuracy exists between the
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benchmark scores of TOEFL11 and what ChatGPT-3.5 can produce, and that the inclusion of
lexical features improves scoring accuracy (Mizumoto & Eguchi, 2023). A recent study from
Pack et al. (2024) examined interrater reliability between humans and four LLMs: Google’s
PalLM, Claude 2, GPT-3.5, and GPT-4.0, using a sample of college admissions language profi-
ciency essays following a 6-point scoring rubric. GPT-4.0 had the highest interrater reliability
with humans among the four LLMs, but the authors note that in several circumstances, the LLMs
did not perform as expected. For example, some LLMs sometimes added language to the essay
and then scored it, while at other times they assigned scores that did not match the rubric used
by human coders (Pack et al., 2024). Continuous testing of LLMs is needed to determine which
LLM produces scores most similar to those of human coders, as new models are released very
frequently.

2.2. USES OF LLMS IN QUALITATIVE CODING

While some aspects of essay scoring are purely quantitative, it also involves qualitative coding.
Qualitative coding is the process used to discover patterns within information (Auerbach & Sil-
verstein, 2003), in which codes/labels (e.g., words, phrases) are created by researchers to denote
some aspect(s) of the data (Linneberg & Korsgaard, 2019). Using inductive reasoning, a re-
searcher may develop codes as they emerge from the data, without being influenced by prior
work (e.g., Barany et al., 2024). Alternatively, using deductive reasoning during the coding pro-
cess allows a researcher to draw on previous research to create pre-defined codes to apply to the
data (Linneberg & Korsgaard, 2019). When testing existing theory, deductive coding is advan-
tageous because researchers can use predefined concepts and look for evidence that supports
them (Williams & Moser, 2019).

Whether a researcher is manually sorting and organizing information into themes or using
coding software, the coding process is time-consuming (Jiang et al., 2021). Handling large
amounts of data can be burdensome and make analyses difficult (Jiang et al., 2021). One scoring
method, primary trait scoring, is similar to qualitative, deductive coding in that it focuses on
identifying the presence and quality of an essay's aspect or trait (Saunders, 1999). A trait of an
essay is selected by determining the purpose or function of the writing assignment (Lloyd-Jones,
1977). Once the writing trait is defined, the coder examines the text for the presence and quality
of the trait, which then determines the score applied to the essay.

More recently, LLMs have offered new opportunities to advance qualitative coding for re-
search purposes, in essay scoring, and in theory-based concept identification, especially as
LLMs can more readily analyze larger datasets than humans, enabling more generalizable re-
sults (Bano et al., 2024). LLMs can produce codes and scores comparable to those of human
coders and can even suggest codes not originally created by human coders, which may be of
higher quality (Barany et al., 2024). LLMs are a useful tool for qualitative coding, as these
automated systems can be modified to code for a variety of constructs. LLMs, such as GPT,
make coding decisions based on the input (e.g., a definition) they are given and may be less
sensitive to the interpretation of constructs than human coders, who may bring their own inter-
pretations (Liu et al., 2025). Providing detailed, context-rich information to Als can improve the
LLM's ability to code precisely (Zhang et al., 2024). Therefore, it is important to understand
which information to provide the LLMs to produce the most accurate coding.

2.3. PROMPT ENGINEERING

LLMs can qualitatively code because they can generate coherent, contextually appropriate re-
sponses to user inputs or prompts (Cain, 2024) by learning language patterns from vast amounts
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of textual data (Veldsquez-Henao et al., 2023). Prompts should not be too complex, to ensure
LLMs do not misunderstand the input, and thus, provide biased responses or hallucinations, i.e.,
made-up or incorrect information (Cain, 2024). Therefore, prompt engineering, “techniques and
methods to design, write, and optimize instructions for LLMs,” has emerged as an important
field that guides users in obtaining accurate answers to their queries (Velasquez-Henao et al.,
2023, p. 11).

Researchers must carefully design prompts based on their content knowledge to avoid out-
puts (responses) that are biased, incorrect, or misleading (Cain, 2024; Veldsquez-Henao et al.,
2023). Inputs to LLMs follow various prompt strategies, including zero-shot, one- or few-shot,
and chain-of-thought prompts. In zero-shot prompts, the model is given a task with no labeled
examples, relying solely on information learned during LLM training (Brown et al., 2020; Liu
et al., 2025). Zero-shot prompts may still include detailed task instructions or conceptual defi-
nitions. In contrast, one-shot and few-shot prompts provide the model with one or more
examples within the prompt, enabling in-context learning (Liu et al., 2025; Tripathi et al., 2025).
Prompting strategies may also include chain-of-thought (CoT) instructions, in which the human
instructs the LLM to communicate its reasoning step-by-step, thereby improving task perfor-
mance and the interpretation of the output (Wei et al., 2022). CoT was developed to address
more complex reasoning tasks such as solving detailed math problems (Tripathi et al., 2025).

Research has begun to examine different LLMs and various prompting strategies that yield
the most accurate responses, especially as compared to human coding (Kim et al., 2023). Rad-
ford et al. (2019) demonstrated that large-scale language models like GPT-2 can perform a
variety of language tasks in a zero-shot setting, marking a major shift in how researchers under-
stood the flexibility and potential of unsupervised LLMs. However, zero-shot prompting may
not always produce scores that match human ratings. For example, Johnson and Zhang (2024)
used zero-shot scoring on 13,121 essays, representing eight different essay prompts, and asked
GPT-4o0 to assign a numerical score on a scale of 1 to 6. This study found Al scores were 0.9
points lower on average than those assigned by humans and may have produced biased scores
for Asian/Pacific Islander students who received even lower scores on average (Johnson &
Zhang, 2024).

LLM performance may be influenced by whether an open-source or closed-source model is
used and by the recency of the LLM's version. In a recent study, SeBler et al. (2025) compared
five LLMs (GPT-3.5, GPT-4, GPT-ol, LLaMA 3-70B, and Mixtral 8x7B) to human coders
using a zero-shot prompt on language-based and content-based criteria in student essays. The
researchers found that closed-source models had higher overall correlations with human ratings
and that these correlations increased with each successive model version. The models aligned
more closely with human scoring on language-related essay criteria rather than content-related
aspects. Of all the LLMs, the most recent version assessed, GPT-o1, had the highest correlation
with humans in the overall category (r = 0.74) (SeBler et al., 2025). “These patterns suggest that
the architectural and training differences between closed-source and open-source models signif-
icantly impact their evaluation strategies and reliability” (SeBler et al., 2025, p. 470).

When it comes to few-shot prompting, the level of specificity in an example may make a
difference in the scores LLMs produce compared to humans. Yoshida (2024) found that GPT-
3.5 models were more sensitive to the selection and order of examples than GPT-4, with GPT-
4 performing well with zero-shot prompting. Whether including one or multiple examples, it is
important for researchers to carefully construct their examples, as they can influence how well
models perform (Yoshida, 2024). Liu et al. (2025) examined the potential of GPT-4 in coding
qualitative data using four prompting strategies: zero-shot, few-shot with positive examples,
few-shot with positive and negative examples, and few-shot with context. They found that few-
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shot prompting generally improved how well the model performed in comparison to zero-shot
prompting, but examples need to be broadly representative of the data, and ideas that may be
difficult for humans to code are also hardest for GPT-4 to code (Liu et al., 2025).

McClure et al. (2024) used advances in few-shot and CoT prompting to assess how GPT-4
performed in coding high school students’ English papers on basic recall, integrating new infor-
mation, and generating new ideas, compared to human coders. They found that these
refinements to prompt engineering increased accuracy in coding papers for recall and integra-
tion, and that both Al and humans struggled to identify the creation of new ideas (McClure et
al., 2024). The authors conclude that LLM models such as GPT-4 offer advantages in efficiency
and accuracy in scoring information with defined parameters, but human oversight is especially
needed for coding more complex student writing tasks (McClure et al., 2024).

Mansour et al. (2024) used four prompts to assess how well GPT-3.5-turbo-0301 and Llama-
2-13b-chat-hf performed in evaluating English student essays holistically and on specific traits.
Specifically, they compared zero-shot prompting with and without additional instructions and
persona, and one-shot prompting. While the performance of GPT-3.5-turbo-0301 improved with
the inclusion of context in the prompt, it was less sensitive to changes in prompts than and
Llama-2-13b-chat-hf, which exhibited more variable performance depending on the prompt and
task type (Mansour et al., 2024).

The use of LLM-assisted content analysis (LACA) can refine prompts used for deductive
coding. Chew et al. (2023) explain that this approach entails “(1) codebook co-development
with an LLM and tests of validity; (2) tests of reliability between human coders and the LLM;
and (3) replacement of manual coding with LLM coding for the final coded data set” (p. 3).
They test the use of role-based prompts, chain-of-thought prompts, and zero-shot prompts on
four datasets, including Tweets, paragraph-length texts, news articles, and reports, using GPT-
3.5-Turbo, and found a high level of agreement between the LLM and human coders. Using
LACA, they were able to better identify code sections with high disagreement between the LLM
and humans. Thus, this approach can help improve coding for qualitative research and LLM
performance (Chew et al., 2023).

In sum, while various prompting strategies, such as few-shot prompting, show improved per-
formance on specific tasks, prior research demonstrates that model outputs can be sensitive to
the selection of in-context examples, affecting scoring outcomes and concordance with human
raters (Liu et al., 2025; Yoshida, 2024). Zero-shot prompting offers an advantage in that models
can be compared more directly, and biases related to exemplar selection are reduced. Accord-
ingly, a zero-shot prompting strategy provides a more reliable baseline for comparing LLM-
based coding to human coding. The present study uses zero-shot prompting as the baseline while
varying specific instructions or types of information provided to the LLM to assess how these
prompt variations affect the results.

24. CURRENT STUDY

The goal of this study is to compare Al-generated coding of theoretical concepts in student
papers with human-coded data using zero-shot prompts. Specifically, we vary both the LLM
used and the instructions provided as part of zero-shot prompts to assess how these factors in-
fluence concordance with human coding. We compared four different LLMs—
ChatGPT-4.1 Mini, ChatGPT-4.1 Full, Gemini 2.5 Pro, and Claude Sonnet 4. We also examine
whether the coding dimensions of the tasks (i.e., listing, defining, and defining correctly) and
the complexity of the theory affect agreement between LLMs and human coders. Additionally,
we test potential interactions between prompt type and the LLM, and between prompt type and
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the coding dimension. We highlight these possible interactions based on previous research,
which found that LLMs perform differently depending on prompt type and that variations in
prompts affect task accuracy (Mansour et al., 2024).

In text and discourse annotation, substantial debate exists over the appropriate agreement
coefficient, including whether to use unweighted or weighted kappa and, if so, which weighting
scheme (e.g. Hayes and Krippendorff, 2007). Because our design treats human ratings as a fixed
reference and focuses on the magnitude and structure of disagreement rather than chance-cor-
rected rater symmetry, we report correlation, error, and bias. Indeed, the selected metrics jointly
capture systematic shift, magnitude of disagreement, and rank-order agreement, providing a
more interpretable decomposition of the same underlying agreement structure. This provides
more information than a single measure like alpha or kappa, which cannot distinguish constructs
such as calibration error, where there is high correlation and high bias, or poor discrimination,
where correlation is low, and bias is also low.

We test whether zero-shot prompts that include a variety of informational supports yield re-
sults with higher correlation, less bias, and fewer absolute errors than those of human coders. In
addition, we expect that the LLMs will be closer to human coding when asked to identify
whether concepts are listed, rather than when asked to identify whether concepts are defined or
defined correctly. The theories examined, social control theory, self-control theory, deterrence
theory, and rational choice theory, vary in the number and complexity of concepts. We expect
that correspondence will be closer when the concepts from the theories are in “discrete semantic
units” including single words for concepts and/or include fewer concepts (e.g., attachment) ver-
sus more complicated ideas (e.g., self-control is stable over the life-course once established),
given that Al models likely have trouble identifying “semantically expansive categories” (Hila
& Hauser, 2025, p. 283). For example, social control theory includes 6 distinct concepts, while
self-control theory includes 13 key concepts. We suspect the Al will correlate with humans and
show less bias and error when the theory includes more easily recognizable concepts, as in social
control theory. The remaining two theories likely fall in the middle, with deterrence theory in-
cluding distinct concepts but a large number of them, and rational choice theory including fewer
concepts represented by discrete semantic units. Finally, we predict that more advanced and
expensive LLMs will outperform less expensive versions due to their enhanced reasoning capa-
bilities.

3. METHOD

3.1. SAMPLE AND PARTICIPANTS

The sample of papers for this study was drawn from two Criminological Theory courses com-
pleted in the Fall 2014 and Spring 2015 semesters at a large southeastern public university in
the United States. The analytic sample comprises 39 students who completed 67 papers, reflect-
ing the subset of papers selected for analysis from the larger pool of consenting participants.
Criminological Theory was a required course for criminology majors and was designated a writ-
ing-intensive course. The original purpose of the data collection was to determine whether
students improved in writing in the spring semester with the inclusion of a writing center em-
bedded tutor (i.e., treatment group) in comparison to the preceding fall semester with limited
involvement of the writing center (i.e., control group) (See Kastner et al., 2018). The data are a
good fit for this study because students completed them before the advent of Al, ensuring their
papers reflected their understanding of the theories based on the readings and lecture material.
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In addition, the data remain relevant given that the theories covered in this course remain foun-
dational in present-day undergraduate and graduate criminological theory courses.

A total of 20 students in Fall 2014 and 26 students in Spring 2015 consented to participate in
the study. In the Fall 2014 semester, 60% of the participants were male, 75% were white, 20%
were African American, and 5% were Hispanic. The Spring 2015 semester included 42% males,
65% white, 31% African American, and 4% Hispanic. In both Fall 2014 and Spring 2015, stu-
dents were required to complete four of six possible short paper assignments. Two of these
papers needed to be completed before the midterm, and two more before the final exam. In each
paper, students were required to write between four and six pages describing and comparing
two related criminological theories, designated as Theory A and Theory B for analysis.

For this study, two paper assignments were analyzed to assess how Al coding compares with
human coding. These two paper assignments were selected because the highest number of stu-
dents completed them for both semesters, yielding 33 papers for the third short paper
assignment, in which Theory A referred to Social Control Theory and Theory B referred to Self-
Control Theory, and 34 papers for the sixth short paper assignment, in which Theory A referred
to Deterrence Theory and Theory B referred to Rational Choice Theory. The sample included
39 students, with 22 of these students choosing to complete both papers.

3.2. CODEBOOKS AND PROMPTS
3.2.1. Human codebooks

To compare students’ understanding of criminology theories in the two courses, a codebook was
created by a four-person research team including the course instructor, the course-embedded
tutor affiliated with the Writing Center, the graduate student teaching assistant (TA) for the
academic year of the data collection, and the TA from a previous section of the course. The
codebook was constructed using concepts from each theory, drawing on the instructor’s lectures
and assigned readings. Each concept in the codebook was defined concisely, and corresponding
textbook page numbers were provided with every code to offer clarity and reference context
(See Appendix 1). To gauge students’ level of understanding of the theories, the team coded
each paper for whether: (1) the student listed the concept, (2) the student defined the concept,
and (3) the student defined the concept correctly. The number of concepts listed, defined, and
defined correctly was totaled for each theory within a student’s paper and recorded in a database
(See Appendix 1).

For a concept to be considered “listed,” a student needed to include a word or phrase that
referred to that specific idea. For a concept to be considered “defined,” a student needed to
attempt to explain the concept, regardless of the accuracy of the student’s definition. Finally,
for a concept to be considered correctly defined, a student needed to include an accurate defini-
tion or a quotation from the reading with an additional interpretation of its meaning.

After drafting the codebook and after each revision, research team members applied it to a
student paper for comparison. When discrepancies in coding occurred, additional clarifications
were added to the codebook to ensure valid and reliable coding. Over a few weeks, the codebook
was refined and finalized to ensure interrater reliability. Refinements included clarifying the
definitions of the concepts so that each coder could accurately and consistently identify when a
concept was defined correctly.

After the codebook was finalized, the research team split into pairs: the course instructor and
the embedded writing center tutor formed one pair, and the two TAs the other. Each pair inde-
pendently coded a sample of student papers. The two teams compared their coding until both

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



teams consistently scored papers the same. The remaining papers were then divided among the
two teams for final coding. Within each team, each paper was coded independently by team
members to further ensure reliability. While unlikely given the previous norming process, if the
two coders within a team diverged, consensus on coding was attained through social moderation
(Herrenkohl & Cornelius, 2013). Unfortunately, discrepancies were not tracked, which prevents
the calculation of inter-rater reliability.

3.2.2. LLM prompts

Recent innovations in prompt engineering informed the design and refinement of all prompts
used in this study (Cain, 2024; Lo, 2023b; Park & Choo, 2024; Velasquez-Henao et al., 2023).
Prompt engineering refers to the “process of writing, refining, and optimizing human-defined
inputs to obtain high-quality desired outputs from generative Al models” (Park & Choo, 2024,
p. 2). To create structured and effective prompts, we drew on the PARTS framework, which
emphasizes the inclusion of key components: Persona, Aim, Recipients, Theme, and Structure
(Google for Educators, 2024). Persona refers to assigning the LLM a role to understand the
task's context better. Second, effective prompts include the Aim or goal of the task. An effective
prompt may also designate the Recipient or audience so the LLM can tailor its response (not
manipulated in this study). Next, LLMs may be more successful at tasks when provided with
the Theme or additional information, tone, style, or restrictions required for the task (Park &
Choo, 2024). Finally, a prompt should include the desired output format or Structure such as a
code or table.

The goal was to create prompts to be CLEAR: Concise (clear, brief), Logical (well-struc-
tured), Explicit (uses precise or specific language), Adaptive (customized to the specific tasks),
and Restrictive (giving limits on the format, length, or scope of the task) (Lo, 2023b; Park &
Choo, 2024). Relying on insights from Cain (2024) and Lo (2023a), prompts were created and
evaluated based on deep subject-matter knowledge and critical thinking about the AI’s re-
sponses to avoid hallucinations and inaccuracies. The goal of our prompts was to align them
with the human codebook and ensure they were consistent and clear to the AI models. To con-
firm that the prompts were clear, well-structured, precise, tailored, and adequately restricted,
meta-prompting techniques were used, in which prompts were refined for each theory's concepts
based on input from ChatGPT-40 (Reynolds & McDonnell, 2021).

In line with best practices, our prompts (see Table 1) began with a zero-shot approach, asking
the LLM to complete a basic task using its internal knowledge with minimal additional instruc-
tions (Velasquez-Henao et al., 2023). Each prompt variation added information to the zero-shot
prompt. Each coding task included one of three Aims: to determine whether criminological the-
ory concepts were listed (present or absent), defined (an attempt was made to define the
concept), or defined correctly (the concept was correctly explained). Including the Aim of the
task is essential for building on and refining the prompt (Park & Choo, 2024; Velasquez-Henao
et al., 2023). This baseline condition was then extended across multiple instructional prompt
variants that incrementally added guidance aligned with the PARTS framework.

Across experimental conditions, additional guidance was introduced using four separate
modifications. In our first prompt variation, we include Persona or assign the Al the role of a
graduate assistant grading student papers for an upper-division course. Another prompt embed-
ded the theorists’ names from the textbook readings within the zero-shot prompt (Theme). The
next separate parameter included a definition of the concept (Theme). The final prompt included
specific instructions for considering concepts from the theories as adequately listed, defined, or
correctly defined after the original zero-shot prompt information was presented (Theme).
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Finally, all prompts ended with Structure, which explicitly instructed the Al to provide a 1 if the
concept was listed, defined, or correctly defined, depending on the task, and 0 if not.

While examining the effects of few-shot or chain-of-thought prompting is of theoretical in-
terest, such analyses were beyond the scope of this study. We focused instead on instruction-
based prompts in order to avoid additional complexity introduced by example creation or mul-
tistep reasoning about theoretical concepts in student papers. Constructing appropriate examples
is nontrivial and may introduce biases through exemplar selection. Moreover, expert-generated
examples may not align with student writing well, and student examples may be imprecise and
highly variable. Relying on zero-shot prompting enhances the generalizability of the findings
by ensuring that the results do not depend on nuances of the selected examples.

Table 1: Al prompt examples for “attachment concept” from social control theory (Theory A,

Short Paper 3).

Coding Task Dimensions

Prompt Types

Lists

Defines

Defines Correctly

Zero-shot prompt

Analyze the following
paper to determine
whether it lists the
concept of "attach-
ment," specifically
within the context of
social control theory
(also known as social
bond theory), and not
in reference to other
theories.

Analyze the following
paper to determine
whether it defines the
concept of "attach-
ment," specifically
within the context of
social control theory
(also known as social
bond theory), and not
in reference to other
theories.

Analyze the following
paper to determine
whether it defines cor-
rectly the concept of
"attachment," specifi-
cally within the
context of social con-
trol theory (also known
as social bond theory),
and not in reference to
other theories.

Persona and zero-shot
prompt

You are a graduate
teaching assistant
grading upper-division
student papers in a So-
ciology course for
Criminology majors.
[and Zero-shot
prompt].

You are a graduate
teaching assistant
grading upper-division
student papers in a So-
ciology course for
Criminology majors.
[and Zero-shot
prompt].

You are a graduate
teaching assistant
grading upper-division
student papers in a So-
ciology course for
Criminology majors.
[and Zero-shot
prompt].

Zero-shot prompt with
author embedded

Analyze the following
paper to determine
whether it lists the
concept of "attach-
ment," specifically
within the context of
the readings by Hirschi
on social control the-
ory (also known as
social bond theory),
and not in reference to
other theories.

Analyze the following
paper to determine
whether it defines the
concept of "attach-
ment," specifically
within the context of
the readings by Hirschi
on social control the-
ory (also known as
social bond theory),
and not in reference to
other theories.

Analyze the following
paper to determine
whether it defines cor-
rectly the concept of
"attachment," specifi-
cally within the
context of the readings
by Hirschi on social
control theory (also
known as social bond
theory), and not in ref-
erence to other
theories.

Zero-shot prompt and
definition

[Zero-shot prompt
and]. A correct defini-
tion is: Attachment

[Zero-shot prompt
and]. A correct defini-
tion is: Attachment

[Zero-shot prompt
and]. A correct defini-
tion is: Attachment
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Coding Task Dimensions

Prompt Types

Lists

Defines

Defines Correctly

refers to how much an
individual likes, re-
spects, or cares about
conventional others.
When the attachment
bond is strong, individ-
uals refrain from
engaging in deviant
behavior because they
do not want to disap-
point those they care
about.

refers to how much an
individual likes, re-
spects, or cares about
conventional others.
When the attachment
bond is strong, individ-
uals refrain from
engaging in deviant
behavior because they
do not want to disap-
point those they care
about.

refers to how much an
individual likes, re-
spects, or cares about
conventional others.
When the attachment
bond is strong, individ-
uals refrain from
engaging in deviant
behavior because they
do not want to disap-
point those they care
about.

Zero-shot prompt and
instructions

[Zero-shot prompt
and]. It is acceptable
if the student uses a
variation of the word
(e.g., "attached") or re-
fers to the idea without
using the exact term,
as long as it is clear
that the reference is
within the context of
social control theory.

[Zero-shot prompt
and]. The concept is
considered defined if
the student elaborates
on the meaning of the
concept after mention-
ing it. This may
include:

- A paraphrased defini-
tion in their own words
- Use of the root word
in the explanation
(e.g., "committed" for
commitment)

- A quotation that con-
veys the definition

- A relevant example
that illustrates the con-
cept

The definition does not
need to be complete or
correct — this task
only checks for an at-
tempt to define the
concept.

[Zero-shot prompt
and]. Do NOT give
credit if the student
simply restates the
concept using a ver-
sion of the root word
(e.g., “commitment
means being commit-
ted””) without
meaningful elabora-
tion. Do NOT give
credit if the student
provides only a direct
quote from a source
without further expla-
nation in their own
words. Treat terms
like "crime," "law-
breaking," "delin-
quency," and "deviant
behavior" as inter-
changeable, as long as
the meaning aligns
with the concept. Do
NOT penalize incon-
sistent use of
pronouns. Focus only
on whether the defini-
tion is correct within
the context of social
control theory (also
known as social bond
theory).

prompt).

Note: Each prompt ended with "Return 1 if the concept is [listed; defined; defined correctly] in this
context, and 0 if it is not. Return no additional text." (The paper followed immediately to complete the
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3.3. OVERVIEW OF LLMS TESTED

We selected four closed-source large language models (LLMs) to provide a broad comparison
of widely used systems to human coding. These models offer advantages over open-source mod-
els due to their higher reported reliability (Mansour et al., 2024; SeBler et al., 2025). Our first
LLM, GPT-4.1 Mini (OpenAl), was chosen to test whether an inexpensive LLM could perform
accurately. The other three more powerful LLMs were chosen for their reasonable costs and
because sources such as OpenRouter.ai suggest they are widely adopted. As of 30 July 2025,
monthly usage was 1.93 trillion tokens for Claude Sonnet 4 (rank 1), 727 billion tokens for
Gemini 2.5 Pro (rank 5), 171 billion tokens for GPT-4.1 (rank 13), and 161 billion tokens for
GPT-4.1 Mini (rank 14) (OpenRouter, 2025).

GPT-4.1 Mini (OpenAl). Released 14 April 2025, this “middle-sized” variant of GPT-4.1
offers a one-million-token context window and costs $0.40 per-million input tokens and $1.60
per-million output tokens. It achieves 65% on GPQA (Graduate-Level Google-Proof Q&A)
(Ilm-stats.com, 2025) and 23.6% on SWE-bench-Verified, a human-validated 500-task subset
of Software Engineering-bench that measures how well a model fixes real GitHub bugs
(OpenAl, 2025). GPT-4.1 Mini is included in our comparison to test whether increased error,
poorer correlation, and greater bias occur in a less expensive system, thus highlighting the pos-
sible importance of using the more advanced models.

GPT-4.1 (full). Introduced the same day, the full model costs $2.00 per-million input tokens
and $8.00 per-million output tokens, with the same context window of one million tokens. Per-
formance scores are 66.3% GPQA (llm-stats.com, 2025) and 54.6% SWE-bench-Verified
(OpenAl, 2025).

Gemini 2.5 Pro (Google). Launched 17 June 2025, pricing is $1.25 per-million input tokens
and $10.00 per-million output tokens for a 1.05-million-token context window (OpenRouter.ai,
2025). Performance is 83% GPQA (llm-stats.com, 2025) and 63.8% SWE-bench-Verified (Ka-
vukcuoglu, 2025). This model was included due to its recent popularity and high-performance
scores. It is a reasoning model, which means it charges output tokens for internal discussions
and problem-solving before it reaches a final answer.

Claude Sonnet 4 (Anthropic). Announced 22 May 2025, it costs $3.00 per-million input to-
kens and $15.00 per-million output tokens and accepts up to 200 K tokens of context. Scores
are 83.8% GPQA (llm-stats.com, 2025) and 72.7% SWE-bench-Verified (OpenRouter.ai,
2025). This was our second reasoning model and was chosen to broaden our test with another
company’s LLM product.

3.4. PRE-PROCESSING AND METRIC COMPUTATION

Our analysis pipeline began with processing the anonymized student paper PDFs into text files,
followed by applying each prompt to each LLM, for each theory, for each content dimension,
and for each concept in the theory, resulting in 60,060 prompts (see Table 2). After summing
the values for each concept, we arrived at a total of 8,040 data rows. We accessed LLMs via the
convenient OpenRouter.ai website, which provides API-level control over prompting for most
LLMs with unified billing. This enabled us to create the entire analysis pipeline that standard-
ized the application of the Als. Temperature was set to 0 to ensure the response was 0 or 1 and
to reduce variability in responding (Lo, 2023b), though small variability may be introduced by
other sources (Atil et al., 2024; Schmalbach, 2025). We will discuss this further in the limitations
section. LLM ratings were merged with the human ratings for each LLM, prompt type,
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dimension, and theory. Each rating was the sum of the scores for the concepts in that paper,
prompt, dimension, and theory.

Table 2: Structure of the factors of analysis.

Theory Students | LLMs | Prompt Prompt Concepts | Total

Dimensions | Types Prompts
A Paper 3 33 4 3 5 6 11880
B Paper 3 33 4 3 5 13 25740
A Paper 6 34 4 3 5 7 14280
B Paper 6 34 4 3 5 4 8160

After collapsing the data for each theory across concepts, we computed 3 dependent measures
for our modeling: correlations between Al and humans, absolute error, and normalized sign bias.
First, Pearson’s r between LLM and human ratings was calculated for each of the 240 design
cells (LLM x dimension X prompt_type X theory =4 x 3 x 5 x 4 =240), as described previously,
paper and theory are collapsed into 4 theory categories. To support regression, r values were
Fisher-Z transformed: z, = atanh(7). Second, for every student across all conditions, we com-
puted total errors between the human and the LLM and modeled them as a binomial distribution
over the total possible errors. Third, also for every student, in each cell of the design, we com-
puted normalized signed bias = (LLM - human) / maximum possible, which ranges from —1
to 1: positive values indicate the model labeled more concepts than the human (overestimation),
negative values indicate fewer (underestimation), and 0 means exact agreement.

3.5. ANALYSIS STRATEGY

Our primary analyses included three regressions (shown in Table 3), a fixed-effects regression
on the correlations for each of our 240 conditions, a mixed-effects Binomial regression to predict
the error rate with student as the random factor, and a mixed-effects regression to predict the
bias, again with student as the random factor. We considered main effects for LLM, prompt
type, theory, and coding dimension (listed, defined, or correctly defined).

Table 3: Summary ANOVA table.

Outcome Data | Model Distri- | Random
bution | effects
Fisher Z of r (z.) | 240 llm_id + prompt_ type + dimension | Normal | None
obs + theory + llm:prompttype +
prompttype:dimension
Total Errors (n 8040 | llm id + prompt type + dimension | Bino- Intercept
choose k) obs * theory + llm:prompttype + mial for the
prompttype:dimension
student
Normalized 8040 | llm_id + prompt type + dimension | Normal | Intercept
. . + theory + llm:prompttype +
Signed bias obs oMbt tvbe : dimension for the
(bias) profprtybe: student
4. RESULTS
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41. CORRELATION ANALYSIS

This analysis examines how closely LLM ratings match the pattern of human ratings by calcu-
lating Pearson correlations within each of our 240 experimental conditions (4 LLMs X 5 prompt
types X 3 dimensions x 4 theories). Higher values indicate stronger correlations between the
LLM and human coding. We use the Fisher Z transformation to fit the distributional require-
ments of standard regression. For reference, consider that a Fisher Z of .9 corresponds to a
correlation of .716, and a Fisher Z of .7 corresponds to a correlation of .604.

A four-factor ANOVA tested how Fisher Z—transformed LLM-to-human correlations varied
across large language model (LLM; 4 levels), prompt type (5), coding dimension (3), and the-
ory (4). The Fisher Z transformation allowed us to put the correlation on an unbounded normal
scale, enabling standard regression. The model accounted for substantial variance, R*> = .63
(adjusted R* =.57). Table 4 shows the ANOVA result for the regression.

Table 4: ANOVA for correlation of human to LLM.

Effect dfr, df> F p partial n?
LLM 3,207 | 15.91 | <.001 0.19
Prompt type 4,207 |[1.77 [0.136 0.03
Dimension 2,207 |65.10 | <.001 0.39
Theory 3,207 |44.23 | <.001 0.39
LLM x Prompt type 12,207 | 1.13 ]0.339 0.06
Prompt type x Dimension | 8, 207 | 2.58 | 0.010 0.09

Agreement with human scores differed across models (partial n?> = .19). Coding dimension of
listing, defining, or correctly defining yielded distinct correlation levels (partial n? =.39). Cor-
relations varied across the four criminological theories (partial n?> =.39). Prompt type showed
no overall main effect (partial n> =.03).

41.1. Correlation Interactions

Figure 1 shows the interaction between coding dimension and prompt type. Taken together,
these complementary slices show that the dimension effect (listing > defining > correctly de-
fining) is highly stable, whereas prompt effects are subtle. Most notably, the definition
prompts may hurt performance when a definition is required, and neither the instruction
prompts nor the definition prompts were helpful for the listing task.
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Figure 1: Coding dimension by prompt type correlation interaction. Points represent estimated
marginal means with 95% confidence intervals (error bars). Letters above each point indicate
statistical groupings using Sidak-adjusted (used for multiple independent comparison families)
pairwise comparisons within each prompt type; means sharing the same letter within a panel are
not significantly different (o = 0.05).

4.1.2. Correlation Main effects

Figure 2 offers a concise visual summary of estimated marginal means, with compact letter dis-
play indicating significant groupings.

LARGE LANGUAGE MODEL. GPT 4.1 Full and Claude 4 Sonnet did not differ, Az=0.02,
p = .88. Gemini 2.5 Pro did differ from GPT 4.1 Full (Az =0.10, p =.015) but did not differ
from Claude 4 Sonnet (Az = 0.08, p =.105). GPT4.1 Mini was significantly worse than all other
models (all Azs > 0.10, ps <.007), standing alone in the lowest tier.

PROMPT TYPE. All five prompt styles shared the same compact letter display letter; no pair-
wise contrast was significant (largest |Az| = 0.10, all ps > .077).

CODING DIMENSION. Listing surpassed defining (Az = 0.15, p <.001) and correctly defining
(Az=10.33, p <.001); defining also exceeded correctly defining (Az =0.18, p <.001).

THEORY. The largest contrast was Theory A Paper 3 versus Theory A Paper 6 (Az=0.37,
p <.001). All remaining differences were significant (ps < .0006).
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Figure 2: Estimated marginal means for each factor in the correlation regression model. Points
represent estimated marginal means with 95% confidence intervals (error bars). Letters above
each point indicate statistical groupings using Tukey-adjusted pairwise comparisons; means
sharing the same letter are not significantly different (o = 0.05).

4.2. ERROR RATE ANALYSIS

This analysis quantifies the rate of disagreement between LLMs and humans by modeling the
probability that a given concept will be scored differently. It measures how far humans were
from the LLM's total response for the condition. We use a binomial model because our outcome
is a proportion (total errors divided by total concepts), which accounts for the fact that papers
differ in the number of concepts. The logit values represent the log-odds of error; more negative
values indicate lower error rates—for example, a logit of -2 corresponds to approximately 12%
error probability per concept, meaning a paper with 6 concepts would have about 0.72 expected
errors.

A binomial mixed effects regression predicting total absolute error included fixed effects for
large language model (4), prompt type (5), coding dimension (3), criminological theory (4), and
the two interactions (LLM x prompt type, prompt type X dimension). A random intercept for
students captured repeated responses (N = 8040 observations from 39 students). We modeled
normalized absolute error with a binomial GLM because it is a proportion—errors in human-Al
matching divided by the total number of concepts in the paper. The logit parameter for each
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value represents the probability that each concept has an error, so lower values are better. Table
5 shows the regression result.

Table 5: ANOVA for the absolute error binomial model

Effect df ) p Deviance Explained
LLM 3 1979.10 | <.001 0.057
Prompt type 4 |25.08 <.001 0.001
Dimension 2 | 1750.46 | <.001 0.101
Theory 3 | 1448.43 | <.001 0.084
LLM X Prompt type 12 1 90.64 <.001 0.005
Prompt type x Dimension | 8 | 55.90 <.001 0.003

Student-level variability was captured by the random effect (SD = .412). Fixed effect McFad-
den’s R was .157. Fixed + Random effect McFadden’s R’ was .192. McFadden's R? measures
the total proportion of deviance explained by the entire model compared to a null model. In
contrast, deviance-based effect sizes measure the unique proportion of deviance explained by
each factor within a given model.

4.2.1. Error Rate Interactions

In Figure 3, below, we can see that Claude Sonnet 4 produced the lowest error, with excellent
performance for zero-shot, zero-shot persona, and instructions. In contrast, Gemini 2.5 Pro did
poorly with the instructions. While GPT 4.1 Full performed better than GPT 4.1 Mini, it was
noteworthy that both were more consistent in their lack of interaction with the prompt types.
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Figure 3: LLM by prompt type error rate interaction. Points represent estimated marginal means
with 95% confidence intervals (error bars). Letters above each point indicate statistical group-
ings using Sidak-adjusted (used for multiple independent comparison families) pairwise
comparisons within each prompt type; means sharing the same letter within a panel are not
significantly different (a = 0.05).

In Figure 4 below, we see some indication that providing definitions or instructions reduces
errors for correct definitions, but may not be advantageous in other cases, with definitions, au-
thor, or instructions indicating that they impair the detection of listing relative to the other
categories.
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Figure 4: Prompt type by coding dimension error rate interaction. Points represent estimated
marginal means with 95% confidence intervals (error bars). Letters above each point indicate
statistical groupings using Sidak-adjusted (used for multiple independent comparison families)
pairwise comparisons within each prompt type; means sharing the same letter within a panel are
not significantly different (o = 0.05).

4.2.2. Error Rate Main Effects

Figure 5 shows the estimated marginal means for the logit score. In a binomial model—the same
framework used in ordinary logistic regression—we predict the probability p that each concept
is scored as an error. The model first expresses this probability on the log-odds (logit) scale: the
intercept gives the log odds of an error for the reference combination of factors, and each cate-
gorical coefficient is added to or subtracted from that baseline whenever its level is present.
After all relevant coefficients are summed, the total is converted back to a probability with the
logistic transformation shown earlier.

LARGE LANGUAGE MODEL. Estimated marginal means showed clear differences among the four

LLMs. Claude Sonnet 4 (logit=-1.90, SE =0.07, p = .13) had less error than GPT 4.1 Full (-
1.71,0.07, .15), Gemini 2.5 Pro (-1.41, 0.07, .20), and GPT 4.1 Mini (-1.05, 0.07, .26); GPT 4.1
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Full outperformed Gemini 2.5 Pro and GPT 4.1 Mini; Gemini 2.5 Pro surpassed GPT 4.1 Mini.
All Tukey-adjusted pairwise tests were significant (|¢| > 6.25, p<.001).

PrROMPT TYPE. Estimated marginal means showed modest variation across prompt conditions.
Tukey adjusted significance emerged only for persona zero shot vs. zero shot author (esti-
mate =-0.17, t=5.14, p<.001), persona zero shot vs. zero shot definition (-0.11, 7= 3.36,
p=-007), and zero shot instructions vs. zero shot author (0.11, z=3.05, p=.019). All remaining
prompt error rate contrasts were nonsignificant (|7 < 2.65, p>.062).

CODING DIMENSION. Estimated marginal means varied markedly across the three dimensions.
Listing showed the lowest error rate (logit =-2.08, SE = 0.07, p = .11), followed by defining (-
1.48, 0.07, .19) and correctly defining (-0.99, 0.07, .27). Tukey adjusted pairwise tests indicated
all ps<.001.

THEORY. Estimated marginal means differed sharply across the four short paper conditions.
Theory A Paper 3 yielded the lowest error rate (logit =-2.21, SE =0.07, p =.10), less than The-
ory B Paper 6 (-1.46, 0.07, .19), Theory A Paper 6 (-1.39, 0.07, .20), and Theory B Paper 3 (-
1.01, 0.07, .27). Tukey adjusted pairwise tests showed all differences highly significant, except
Theory B Paper 6 and Theory A Paper 6, which were not significantly different (p = .156).
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Figure 5: Estimated marginal means for each factor in the binomial mixed-effects model of error
rate. Points represent estimated marginal means with 95% confidence intervals (error bars). Let-
ters above each point indicate statistical groupings using Tukey-adjusted pairwise comparisons;
means sharing the same letter are not significantly different (o = 0.05).

4.3. BIAS ANALYSIS

This analysis examines systematic tendencies in how LLMs score relative to humans, revealing
whether models consistently over- or under-identify concepts across the coding dimension. Nor-
malized bias scores range from -1 to 1, where negative values indicate the LLM identified fewer
concepts than humans, positive values indicate more concepts identified, and values near zero
suggest balanced scoring. Unlike absolute error, which captures any disagreement, bias reveals
directional patterns that might indicate how LLMs interpret ambiguous cases differently from
human coders.

A standard mixed-effects regression predicting normalized bias included fixed effects for large
language model (4), prompt type (5), coding dimension (3), criminological theory (4), and the
two interactions (LLM X prompt type, prompt type X dimension). A random intercept for stu-
dents captured student-level variability in bias results (N = 8040 observations). Table 6 displays
the result.

Table 6: ANOVA for mixed-effects bias model.

Effect F df: df: p partial n?
LLM 578.36.80 | 3 | 8000.6 |<.001 0.178
Prompt type 41.90 4 [8000.6 |<.001 0.021
Dimension 941.96 2 | 8000.6 |<.001 0.191
Theory 417.42 3 [8025.2.3 | <.001 0.135
LLM X Prompt type 19.46 12 | 8000.6 | <.001 0.028
Prompt type x Dimension | 5.00 8 |8000.6 |<.001 0.005

Student-level variability was captured by the random effect (SD .0904). Marginal R? (fixed
effects) was 0.3594, and Conditional R? (fixed + random) was 0.463.

4.3.1. Bias Interactions

The interaction plot for the LLM by prompt type (Figure 6) mostly suggests effects for definition
prompts, which produce low bias for Claude Sonnet 4, even below the optimal value of 0. In-
struction prompts tended to increase bias in both reasoning models, Claude Sonnet 4 and
Gemini.
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Figure 6: LLM by prompt type bias interaction. Points represent estimated marginal means with
95% confidence intervals (error bars). Letters above each point indicate statistical groupings
using Sidak-adjusted (used for multiple independent comparison families) pairwise comparisons
within each prompt type; means sharing the same letter within a panel are not significantly dif-
ferent (o = 0.05).

In the interaction between prompt and dimension, shown below in Figure 7, effects were rather
weak, as might be expected with less than 1% of the deviance explained by this interaction.
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Figure 7: Coding dimension by prompt type bias interaction. Points represent estimated mar-
ginal means with 95% confidence intervals (error bars). Letters above each point indicate
statistical groupings using Sidak-adjusted (used for multiple independent comparison families)
pairwise comparisons within each prompt type; means sharing the same letter within a panel are
not significantly different (a = 0.05).

4.3.2. Bias Main effects

Figure 8 shows the estimated marginal means for bias scores for the main effects.

LARGE LANGUAGE MODEL. Estimated marginal means revealed a clear gradient in bias across
models. Claude Sonnet 4 showed the lowest bias (M = -0.03, SE = 0.015, 95 % CI [-0.06, 0.00]),
significantly below GPT 4.1 Full (0.13, 0.015), Gemini 2.5 Pro (0.15, 0.015), and GPT 4.1 Mini
(0.23, 0.015); all Tukey adjusted comparisons with Claude Sonnet 4 were highly reliable
(lf) = 24.61, p <.001). GPT 4.1 Mini was the most biased, exceeding Gemini by 0.08 and GPT-
4.1 Full by 0.10 (|¢{{>11.90, p <.001). Gemini displayed slightly more bias than GPT-4.1
(A=10.03,7=3.89, p <.001).

PROMPT TYPE. Estimated marginal means showed a clear gradient in bias across prompt types.
Zero-shot instructions (M =0.157, SE=0.015, 959% CI[0.126, 0.188]) and =zero-shot
(0.142, 0.015) produced the greatest bias, persona zero shot was intermediate (0.117, 0.015),
and zero shot author (0.092, 0.015) and zero shot definition (0.079, 0.015) showed the least.

CoDING DIMENSION. Estimated marginal means revealed a strong effect of dimension on bias:
correctly defining showed the highest bias (M = 0.254, SE = 0.015, 95 % CI[0.225, 0.284]), de-
fining was intermediate (0.071, 0.015), and listing the lowest (0.027, 0.015). Tukey-adjusted
pairwise comparisons confirmed that each level differed significantly (correctly defining > de-
fining , A = 0.183, t = 32.9; correctly defining > listing, A = 0.228, ¢t = 40.85; defining > listing,
A =0.044, t="7.95; all ps <.001).

THEORY. Estimated marginal means differed markedly across theory conditions. Theory B Paper
3 showed the highest mean bias (M = 0.254, SE =0.015, 95 % CI [0.224, 0.285]), followed by
Theory A Paper 6 (0.106, 0.015), Theory A Paper 3 (0.071, 0.015), and Theory B Paper 6
(0.038, 0.015). Tukey-adjusted pairwise tests confirmed that every adjacent step in this ranking
was reliable (t| >4.91, p <.001), with the largest gap between Theory B Paper 3 and Theory B
Paper 6 (A=0.216, t =32.14).
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Figure 8: Estimated marginal means for each factor in the linear mixed-effects model of bias.
Points represent estimated marginal means with 95% confidence intervals (error bars). Letters
above each point indicate statistical groupings using Tukey-adjusted pairwise comparisons;
means sharing the same letter are not significantly different (a = 0.05).

5. DiscussiOoN

This study examined correlations, errors, and biases of LLMs in comparison to human coding
across four LLMs, five prompt variants, three theory-based coding dimensions, and four crimi-
nological theories. The novel comparison methods, which decompose agreement into three
factors, provide a more nuanced understanding of results than simpler single-value agreement
statistics. For example, according to the correlation measures, there is no evidence of a differ-
ence between Sonnet 4 and GPT 4.1 Full in Figure 2; however, for bias, there was significantly
less for Sonnet 4 in Figure 8. Such nuances allow comparisons across LLM conditions that may
reveal practically important differences. For example, if the coding we used was part of a scoring
tool, having low bias is critically important.

Of the two factors under the researchers’ control, prompt type and LLM type, one of the most
robust findings was the large difference between the LLMs in terms of correlation, error, and
bias. These differences indicated that the researchers’ choice of LLM is considerably more
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important than the prompt type. Claude Sonnet 4 produced the strongest results overall, with
Gemini 2.5 Pro producing less impressive results than GPT 4.1 Full, and GPT 4.1 Mini exhib-
iting significantly lower correlation, higher error, and greater positive bias. The weak
performance of Gemini 2.5 Pro is particularly striking in light of the respective costs of the
prompts for each LLM (see Table 7). Table 7 shows that the total prompt length was approxi-
mately 28.3 million tokens, and the reasoning models added considerable thinking tokens before
the single output token. One direction for future research is to consider cost efficiency more
explicitly; in contrast, we focused on dependent measures with no cost adjustment.

Table 7: Total costs by LLM for the prompts used.

LLM Total cost Tokens
Gemini 2.5 Pro $178.13 43.5 million
Claude Sonnet 4 $169.18 35.9 million
GPT 4.1 Full $56.77 28.3 million
GPT 4.1 Mini $11.34 28.3 million

Another key finding from this study is that LLM performance varied greatly for the coding
dimension. Listing concepts correlated most highly between the LLMs and humans (r = .75 for
listing, » = .67 for defining, and r = .56 for correct response verification), suggesting that for
more superficial coding dimensions, accuracy and reliability are high, and these degrade with
the complexity of the judgement. While it was expected that including additional information
and instructions in the prompts would increase the correlations between LLM and human coding
for the additional coding dimensions, i.e., defining and defining concepts correctly, variations
in prompts had little effect. In fact, in the case of zero-shot definitions and zero-shot instructions,
the ability to accurately identify listed theories declines, and the ability to identify defined terms
correctly improves only slightly. These findings align with previous research showing that, for
well-defined tasks, zero-shot prompts can yield high agreement between humans and Al (Liu et
al., 2025; McClure et al., 2024; Radford et al., 2019; Reynolds & McDonnell, 2021).

Despite the overall small effect sizes for the main effects of prompt type, prompt type was
highly interactive. Each LLM reacts to the prompt type differently: Claude Sonnet 4's bias de-
creased with zero-shot authors and zero-shot definitions, whereas bias increased for Gemini 2.5
Pro with zero-shot instructions, indicating that Als may perform better with different prompts,
which aligns with prior research (Mansour et al., 2024). Inspecting the pattern of significant
results across the interactions between prompt and LLM more closely in Figures 3 and 6 pro-
vides evidence that the Sonnet model drives much of the interaction effect with the LLM,
showing greater variability by prompt for error and bias. The prompt type was also interactive
with the dimension in some results, but the pattern is less clear. In summary, it appears that
definition prompts show some evidence of being better when correctness needs to be judged,
but this reverses when judgments are simpler.

In addition, we found that the LLMs aligned less closely with humans on certain theories,
particularly those that included numerous, more nuanced concepts or semantically expansive
categories, leading to more errors. For example, social control theory (A short paper 3), which
LLMs performed better on than self-control theory (B short paper 3), includes 6 concisely de-
fined concepts. In contrast, self-control theory includes 13 concepts whose ideas overlap and
are less easily defined (See Appendix 1). These results are similar to Pacchioni et al. (2025),
who found that ChatGPT’s ability to identify the presence of concepts from Sykes and Matza’s
criminological theory, the techniques of neutralization, was unequal. Pacchioni et al. (2025)

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



argue that some concepts have “more precise and formal definitions,” thus facilitating the mod-
el's identification of them (p. 10). While beyond the scope of this study, future studies should
expand on prompt types to include few-shot approaches, providing examples of the concepts to
test for improvements in accuracy, especially for defining and correctly defining concepts.

51. PRACTICAL IMPLICATIONS

In the education sector, LLMs have been used to provide personalized feedback and valuable
learning experiences for both students and instructors (Hadi et al., 2023; Wang et al., 2023).
Additionally, LLMs trained on local content can serve as personal tutors, tailoring content, ex-
ercises, and examples to the student’s level of progress (Baidoo-Anu & Ansah, 2023; Kasneci
et al., 2023). Findings from our study can guide students in prompting Als to confirm whether
they have included all relevant concepts in their papers. Given the level of bias that LLMs
demonstrated in defining and correctly defining concepts, more modifications may be needed
to the prompts used, and careful consideration needs to be given to the choice of LLM before
students can rely on this to determine the quality of their work.

Our data have implications for the use of Al in collaboration with writing centers. The data
from this study included one course with an embedded writing center tutor (treatment group).
While students made fewer theory content errors in the treatment class, compared to the “con-
trol” class, and reported increases in writing ability over the course of the semester in the
treatment course, these resources may not always be available for undergraduate courses (Kast-
ner et al., 2018; Keith et al., 2020). Therefore, training non-embedded tutors from the writing
center with no prior knowledge of LLMs on the use of Als and prompting techniques may be
beneficial. However, writing centers and tutors have vacillated in their acceptance and use of
LLMs, and as their availability increases, writing center staff would benefit from establishing
best practices for Als (Essid & Cummins, 2025). Prompt engineering is a type of digital literacy;
therefore, tutors must be able to support students in engineering prompts similarly to how they
share their expertise in citation style formatting. Stakeholders are calling for tutors to be trained
in prompt literacy, LLM limitations, and best practices (Essid & Cummins, 2025). Tutors are
already trained to help students convey their points while meeting assignment requirements.
However, they will need extensive training in recognizing LLM-generated text to support stu-
dents in refining and editing LLM output to develop their points and establish their author voice
(Coetzer & van Aardt, 2024). Concerning the data from this study, trained writing center tutors
in prompt engineering can facilitate the use of LLMs to help students identify areas of improve-
ment, especially as it relates to identifying specific concepts from papers

In addition to training writing center staff, students may benefit from Al literacy (Kim et al.,
2025). Students will need content knowledge to discern the quality of Al-generated responses
and to compare them to the content, which is a process of critical thinking (Cain, 2024). Gener-
ative Al can be used to facilitate student comprehension of course objectives such as those in a
criminological theory course. In addition, it can be used to help students think critically about
theoretical concepts and to synthesize and refine assumptions and ideas. When students prompt
an LLM to produce information about a theory and compare its output to the original theory
text, they may move beyond comprehension to fulfill course objectives, such as synthesizing
and evaluating concepts (Kim et al., 2025). In sum, instructors, students, and writing center staff
can use findings from this study to guide improved student understanding of criminology theo-
ries.
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5.2. LIMITATIONS AND FUTURE WORK

The results from this study make it clear that human-Al collaborations are advantageous. In the
same way that human qualitative coding and analyses need to be transparent, LLM decisions
should be reviewed by humans, given the varying levels of bias identified in this study and the
potential for hallucinations in AI models (Cain, 2024; Jiang et al., 2021). Future studies should
address this study's limitations by including audits of human coding for accuracy and reliability.
In this study, coding decisions were made by consensus after a norming process. However, it is
unclear whether the two teams of researchers would reach the same conclusions on the same
papers, given that the work was divided between them. In addition, among human coders of
qualitative data, consensus is not always clear-cut and may be flexible, depending on who is
leading the project and/or who has more experience (Jiang et al., 2021). Indeed, in this study,
one team included the course instructor, who likely had more influence in reaching consensus
when team members diverged in coding.

While we set the temperature parameter to 0 to minimize output variability, recent research
demonstrates that LLM API outputs are not perfectly deterministic even under these conditions
(Atil et al., 2024; Schmalbach, 2025). Individual prompts can exhibit stochastic variation due to
floating-point precision, hardware differences across servers, and non-deterministic GPU oper-
ations. However, our large sample size (approximately 15,000 prompts per model) provides
statistical robustness against trial-level noise; assuming that such variability is random rather
than systematic, the law of large numbers ensures that our aggregate findings would be stable
across runs. A more nuanced concern is the possibility of systematic changes in model imple-
mentations over time or across different API endpoints. Such implementation-level variation is
difficult to detect or control in API-based research, as researchers are practically dependent on
proprietary provider systems that may undergo updates without notification. We cannot rule out
the possibility that our results reflect specific model versions or server configurations that were
active during our data collection period, though we think this is unlikely. Future work validating
LLM-based coding approaches should include replication studies across different time periods
and fixed providers to assess the practical significance of these reproducibility concerns. This
was beyond the scope of the current work.

Future studies should expand the prompt types, including additional examples and the se-
quential addition of information, to determine which steps improve agreement with human
coding. Future research should explore a chain-of-thought approach in which each prompt is
provided to the Al, which reanalyzes the same paper, allowing the model to reevaluate its initial
response (Wei et al., 2022). Additionally, LLMs could be used to assess students’ comprehen-
sion of source-based writing assignments, in which students must integrate multiple sources of
information (McCarthy et al., 2022). Although the present study focused only on student com-
prehension from their use of a primary textbook, assessing student comprehension through
writing assignments that integrate multiple sources would be a valuable area to explore.

This work contributes to the literature by evaluating multiple coding dimensions using a pre-
defined codebook to determine which factors affect agreement between LLMs and humans.
Overall, this study demonstrates that the choice of LLM matters greatly for human-Al concord-
ance. In addition, this study found weak effects for the importance of prompt type, and in some
cases, that additional information led to more bias. Finally, LLMs performed best on simpler
tasks, such as identifying whether a concept was listed, and when the theories included few,
concise concepts.
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DECLARATION OF GENERATIVE Al SOFTWARE TOOLS IN THE WRITING
PROCESS

During the preparation of this work, the author(s) used OpenAl 03 and GPT-4o in the prelimi-
nary interpretation of statistical outputs (Methods and Results sections) and in wording
refinement throughout the manuscript to clarify model findings and improve clarity and conci-
sion. After using these tools, the authors reviewed and edited the content as needed and take full
responsibility for the content of the publication.
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APPENDIX 1. HUMAN CODEBOOK

Concepts for Social Control Theory/Social Bond Theory | Listed | De- Defined
(Hirschi, 1969, p. 216-223) fined | Cor-
rectly

1. Attachment:
Like, respect, or care about others (p. 217-218)
2. Direct control:
A person watches behavior and administers punishment
when deviant behavior is perceived (p. 218)
3. Indirect control:
A person does not participate in deviant behavior be-
cause they don’t want to disappoint others (p. 218)
4. Commitment:
Stake in conformity — obey laws and rules because a
person fears consequences either immediate (disap-
pointing others) or anticipated (future plans) (p. 218-
219)
5. Involvement:
Time invested in conventional activities (p. 219-220)
6. Beliefs:
Acceptance of rules and laws and belief that a person
should follow them or the ability to rationalize that
breaking the law is not unacceptable (p. 220-221)
Total Number of Concepts /6 /6 /6

Concepts for A General Theory of Crime/Self-Control | Listed | De- Defined
Theory (Gottfredson and Hirschi, 1990, p. 225-236) fined | Correctly
Development of self-control:
1. Early in life and stable(p. 227-228)
Manifestations of low self-control:
2. Not only crime, but accidents, relationship problems,
job problems, etc.
Elements of self-control:
3. Immediate gratification (p. 228-229)
Exciting, risky, thrilling (risk taking)
Few or little long-term benefits (short-sighted)
Little skill or planning
Pain or discomfort for the victim (insensitive)
Self-control: “impulsive, insensitive, physical (as op-
posed to mental), risk taking, short sighted, and
nonverbal” (229)
Child-rearing and self-control:
9. Attachment of parent and child (bonding): love, car-
ing, feelings of affection towards the child (p. 233-
236)
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Concepts for A General Theory of Crime/Self-Control | Listed | De- Defined
Theory (Gottfredson and Hirschi, 1990, p. 225-236) fined | Correctly
10. Parental supervision: external and internal controls
of behavior, monitoring
11. Recognition of deviant behavior:
perception of deviant behavior
12. Punishment of deviant acts:
Curtailing behavior by punishing effectively but not
too harsh or too lenient
13. Parental criminality:
Parents lacking in self-control do not raise chil-
dren/socialize children well.
Total Number of Concepts /13 /13 /13

Concepts for Deterrence Theory (Stafford & Warr, | Listed | De- Defined
1993, p. 394-399) fined | Correctly
1. General Deterrence/Indirect Punishment- See others get
punished so you fear getting caught and punished

2. Specific/Direct Deterrence- you refrain from offending
because you were caught and punished

3. Indirect Punishment Avoidance- you commit crime be-
cause you see your friends avoid getting caught

4. Direct Punishment Avoidance- you commit crime be-
cause you frequently avoid getting caught

5. Certainty- likelihood of getting caught (p. 395)

6. Severity- harshness of sanctions (p. 395)

7. Celerity- swiftness

Total Concepts /7 /7 /7

Concepts for Rational Choice Theory (Cornish & Clarke, | Listed | De- Defined
1986, p. 400 - 405) fined | Correctly
1. Crime is rational but it is limited or bounded rationality-

Rational choice limited by time, faulty info, estimation of ben-

efits, and characteristics of offender

2. Crime-specific approach is needed - Different crimes meet

different needs and the way information is handled varies

among offenses (p. 401)

3. Criminal involvement- processes through which
individuals choose to become initially involved in
particular forms of crime, to continue, or desist
(p-401)

4. Criminal events- commission of a specific crime based on

immediate circumstances (p. 401)

Total Concepts 4 /4 /4
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