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Abstract

Pedagogical content knowledge (PCK) has been a cornerstone of science teacher education research, yet its
practical application remains limited because of the non-standardized, time-intensive, and labor-intensive nature
of PCK data collection and analysis. This study explores the potential of large language models (LLMs) to identify
science teachers' PCK levels on the topic of photosynthesis using open-ended responses and lesson plans. Iterative
cycles of training and testing LLMs to assess various PCK components were conducted, introducing an innovative
approach that utilized synthetic responses to train the models, which were subsequently validated with actual
teacher responses. Findings indicate that synthetic data effectively trained LLMs to identify teacher PCK levels,
though performance varied across PCK components. For instance, some models demonstrated strong performance
in assessing Knowledge of Instructional Strategies and Representations, as well as Knowledge of Assessment

of Science Learning, but struggled with Knowledge of Student Understanding. The study also examined the
relationships between teacher characteristics (e.g. self-efficacy, years of experience, and National Board Certification)
and PCK levels identified by both humans and LLMs. Results showed some alignment in correlations for particular
PCK components, though consistency varied across models. Furthermore, the human-machine reliability for
identifying PCK levels from lesson plans approached human-human reliability, with some values exceeding 0.80.
These findings highlight the significant potential of LLMs have to advance and scale science teacher PCK research
by incorporating multiple data sources. Challenges and opportunities associated with identifying PCK levels using
LLMs are discussed, providing implications for future research and science teacher education.
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Introduction

A substantial body of research has demonstrated that
teacher quality is one of the most influential factors
affecting student learning outcomes (Burroughs et al.,
2019; Hattie, 2012). In science education, effective learn-
ing goes beyond the acquisition of content knowledge—it
encompasses the development of scientific skills, inter-
ests, attitudes, and identities (OECD, 2023). This broader
conception of science learning has reshaped the criteria
for what constitutes a high-quality science teacher. It is
no longer sufficient for teachers to possess deep content
knowledge or pedagogical skills alone; rather, they must
be able to organize, represent, and adapt science content
in ways that are responsive to the diverse needs, interests,
backgrounds, and skill levels of their students (Park &
Oliver, 2008b).

This specialized knowledge base, known as pedagogical
content knowledge (PCK; Shulman, 1986, 1987), repre-
sents a unique synthesis of content and pedagogy that is
central to effective teaching. Shulman (1987) introduced
the concept of PCK as a “special amalgam of content and
pedagogy that is uniquely the province of teachers” (p. 8).
Situated at the intersection of what to teach and how to
teach it, PCK enables teachers to anticipate student diffi-
culties, address misconceptions, and adapt instruction to
diverse learners (Cochran, 1992; Loughran et al., 2004).
Research shows that PCK supports reform-oriented
instruction, enhances teaching quality, and improves sci-
ence learning outcomes (Kulgemeyer & Riese, 2018; Park
et al., 2011; Sadler et al., 2013). Reflecting this evidence,
many educational reform documents describe PCK as
a knowledge base necessary for effective teaching of a
subject (e.g., National Research Council[NRC], 2012;
National Council for Accreditation of Teacher Education,
2008). Accordingly, PCK has been proposed as a key indi-
cator for evaluating teaching expertise and effectiveness
(Park et al., 2018).

Due to its complexity, researchers have often used
multiple data sources to capture a teacher’s PCK, includ-
ing artifacts from teaching tasks, lesson observations,
interviews, and written tests, surveys, or questionnaires
(Chan & Hume, 2019; Grofimann & Kriiger, 2024; Park
& Chen, 2012). However, researchers have relied on just
one or two data sources, limiting the comprehensive-
ness of PCK that can be identified (Chan & Hume, 2019).
While using multiple data sources provides a fuller view,
they are labor-intensive and difficult to scale (Park & Suh,
2015), which poses constraints on large-scale research
and practices that link PCK, teaching practice, and stu-
dent learning.

In light of these challenges, emerging artificial intel-
ligence (AI) technologies—particularly large language
models (LLMs)—present exciting new possibilities
for scalable PCK assessment. LLMs, a form of natural
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language processing (NLP), can generate, classify, and
interpret human-like language using vast text corpora
(Kasneci et al., 2023).; While LLMs have been increas-
ingly used to assess student learning, their application
to evaluating teacher knowledge—especially complex,
context-dependent constructs like PCK—remains lim-
ited. Early research suggests promise but also highlights
critical concerns around scoring reliability, prompt sensi-
tivity, and interpretive alignment between Al and human
raters (Zhai, 2020 Yang et al., 2025; Fang et al., 2023).

In this regard, the current study investigates the capac-
ity of LLMs to identify levels of science teachers’ PCK
through both synthetic and authentic responses. Spe-
cifically, we examine the extent to which LLM-generated
responses resemble those of actual teachers, the reli-
ability of LLM scoring across PCK components, and the
degree of alignment between human and LLM-generated
scores. In addition, we evaluate whether PCK levels iden-
tified by LLMs exhibit expected correlations with teacher
characteristics, including self-efficacy, teaching experi-
ence, and advanced licensure, as hypothesized based on
existing PCK literature. The research questions guiding
this study are:

RQ1 To what extent do LLMs appropriately identify the
levels of science teacher PCK in lesson plans and open-
ended responses, compared with human labeling?

RQ2 How do the relationships between science teach-
ers’ PCK levels identified by LLMs and other teacher
characteristics (e.g., self-efficacy, years of experience, and
National Board Certification) compare with the relation-
ships between these characteristics and PCK levels identi-
fied by human coders?

This study is designed as a proof of concept that explores
the feasibility of applying LLMs to identify teachers’ PCK.
Proof-of-concept studies in educational Al often employ
modest sample sizes to establish methodological viability
before scaling up (e.g., Zhai et al., 2020; Yang et al., 2025).
Our dataset—comprising 53 lesson plans and 115 teacher
responses—aligns with comparable early-phase Al-in-
education and PCK validation studies (e.g., Park et al,
2018; Grofimann & Kriiger, 2024). These sample sizes are
sufficient to demonstrate the feasibility, validity trends,
and methodological implications of using LLMs for PCK
identification, while also providing a practical foundation
for larger, confirmatory studies.

Theoretical background

LLMs in educational assessment: opportunities and
challenges

In recent years, LLMs such as GPT-4, LLaMA, and Mis-
tral have gained traction as powerful tools for automat-
ing educational assessments (Kasneci et al., 2023). Much
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of the research has focused on evaluating student learn-
ing, particularly through open-ended tasks like written
explanations and reflections (Bonner et al., 2023; Baral
et al., 2024; Matelsky et al., 2023). In science education,
machine learning models have also been used to assess
students’ learning as well as scientific modeling abilities
among others (Zhai et al., 2020, 2022). These tools show
great potential in generating rubric-aligned evaluations,
delivering timely feedback, and supporting personalized
instruction at scale (Bewersdorff et al., 2025; Capdehou-
rat et al., 2024; Liu & Li, 2024; Mizori et al., 2025).

The efficiency gains are particularly valuable in large-
scale contexts, where LLMs can reduce the time spent on
grading, summarizing, and generating feedback (Bonner
et al., 2023). However, despite their promise, LLM-based
assessments and evaluations raise concerns around reli-
ability and fairness. Key challenges include surface-level
linguistic interpretations, algorithmic bias, and the gen-
eration of hallucinated or misleading content (Zhai &
Nehm, 2023; Yan et al, 2023). These limitations pose
risks to validity and teacher trust, especially when LLMs
are used in high-stakes or professional learning settings
(Holstein et al., 2019; Yang et al., 2025). To responsibly
integrate LLMs into educational practice, transparency,
fairness, and construct validity must be prioritized (Zhai
& Krajcik, 2022; Bewersdorff et al., 2025).

While much research has examined the use of LLMs
for student assessment, their application to teacher
knowledge—and PCK in particular—remains limited.
Assessing PCK poses unique challenges: it is context-
dependent, dynamic, and expressed through nuanced
pedagogical reasoning. Recent studies have begun
exploring how LLMs might be adapted for this purpose.
Yang et al. (2025), for instance, investigated how GPT-4
performed on video-based constructed-response tasks
focused on analyzing student thinking and evaluating
teacher responsiveness-two critical sub-constructs of
PCK. They found that LLMs matched human raters in
reliability and scoring efficiency but also introduced con-
struct-irrelevant variance (CIV), such as prompt sensitiv-
ity and rater leniency, which aligns with an earlier study
using machine learning model — a traditional supervised
model — by Zhai et al. (2020). These findings highlight the
need for calibrated scoring logic and interpretive align-
ment between human and Al scorers (Yang et al., 2025).

Moreover, LLMs behave differently from traditional
supervised models. Whereas supervised models tend to
be conservative and rigid, LLMs often display greater
leniency and are more sensitive to prompt phrasing
(Yang et al,, 2025; Wu et al.,, 2025). If left unaddressed,
such inconsistencies could distort score interpretations—
particularly in domains like PCK that rely on complex,
interpretive judgments. Techniques such as rubric con-
ditioning, chain-of-thought prompting, and few-shot
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learning have shown promise in enhancing the transpar-
ency and fidelity of LLM-based assessments (Lee et al.,
2024; Fang et al., 2023).

Despite these limitations, emerging literature points to
the transformative potential of LLMs in teacher assess-
ment, including generating synthetic training data, mod-
eling pedagogical reasoning, and providing formative
feedback (Zhai et al., 2020; Bonner et al., 2023; Fang et
al.,, 2023). Taken together, these developments suggest
that with appropriate theoretical grounding and trans-
parency safeguards, LLMs can support scalable assess-
ment of complex constructs like PCK.

Pentagon model of PCK for teaching science

Since Shulman (1986) first introduced the concept of
PCK, numerous studies have expanded and elaborated
the construct, proposing various PCK models which
constitute diverse components (e.g., Carlson et al., 2019;
Gess-Newsome, 2015; Magnusson et al., 1999; Park &
Oliver, 2008b). However, despite variations in extant
PCK models in terms of PCK components and labels or
descriptions of these components, the PCK models gen-
erally elaborated upon and expanded on Shulman’s (1986)
two key components by modifying them or adding new
components: (1) knowledge of instructional strategies
and representations of subject matter that make it com-
prehensible to students, and (2) knowledge of students’
understanding including conceptions, preconceptions,
and learning difficulties of that subject matter (van Driel
et al,, 1998; Chan & Hume, 2019). For instance, Gross-
man (1990) extended Shulman’s model by incorporating
two additional elements—teachers’ curricular knowledge
and their conceptions of the purposes of teaching the
subject—alongside expanded definitions of the original
components. Magnusson et al. (1999) later refined this
model, drawing on Tamir’s (1988) framework, by intro-
ducing a fifth component: knowledge of assessment.
While Grossman’s model is intended for general appli-
cation across subject areas, Magnusson et al’s (1999)
model is discipline-specific, tailored for science educa-
tion. In their model, PCK consists of five distinct compo-
nents: (1) orientations toward teaching science (OTS), (2)
knowledge of students’ understanding of science (KSU),
(3) knowledge of instructional strategies and representa-
tions (KISR), (4) knowledge of science curricula (KSC),
and (5) knowledge of assessment (KAs) related to scien-
tific literacy.

Because of its explicit attention to science teaching,
the Magnusson et al’s (1999) model has become widely
adopted in science education research. However, Park
and Oliver (2008b) noted a limitation in this model: it
treats the five components as separate and fails to high-
light the dynamic interplay among them. Research has
since shown that the coherence and integration of these
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components significantly influence the overall quality of
a teacher’s PCK (Aydin & Boz, 2013; Barendsen & Henze,
2019; Park & Chen, 2012). To address this, Park and
Oliver (2008b) introduced a revised representation—a
pentagon model—placing PCK at the center and empha-
sizing the interrelated nature of the five components.
They conceptualized PCK not as a static sum of parts, but
as an integrated, synergistic system in which components
interact in complex ways. This model was first informed
by an extensive literature review and then refined
through empirical validation (Park & Oliver, 2008a,
2008b). Their subsequent studies supported that reflec-
tion-in-action and reflection-on-action were key mecha-
nisms through which integration occurred, strengthening
the internal coherence of PCK as a construct (Park & Oli-
ver, 2008a; Park & Chen, 2012). Given this study’s focus
on the assessment of PCK in science teachers, we adopt
the pentagon model for its strong empirical grounding
and relevance to science education. Figure 1 summarizes
this conceptual framework, showing how PCK compo-
nents are interconnected.

To measure PCK in such a dynamic and integrated
manner, researchers must first identify and code specific
PCK components within each data source, and then ana-
lyze how these components connect across sources. This
process is typically time-consuming and resource-inten-
sive. In this regard, Park and Suh (2019) suggested that
a computer-based analysis using the PCK map approach
could help address this issue. Building on their sugges-
tion, this study attempted to reduce the manual effort
and time required, by training LLMs that can automati-
cally identify PCK components and assess their levels.
Given this focus, this study has great potential to pave
the way for Al-based technologies, such as LLMs, to help
researchers in scaling up PCK studies. By enabling quick,
valid, reliable, and comprehensive identification of PCK

Decision Making in
Teaching

Beliefs about Purposes
of Learning Science

Misconceptions

Knowledge of

Learning Difficulties Students’

Orientation toward
teaching science
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components, Al can help explore unresolved research
questions related to PCK that have been hindered by the
limitations of existing instruments.

Hypothesized relationships between PCK and Teacher
characteristics

By adopting the pentagon model, we aim to identify
the levels of four PCK components except orientations
toward teaching science (OTS) using the LLMs, while
assessing OTS separately through the Epistemic Orien-
tations toward Teaching Science for Knowledge Genera-
tion (EOTS-KG) survey (Suh et al., 2022). This approach
was chosen because OTS reflects broader beliefs about
the purposes of science teaching as well as beliefs about
teaching and learning in general (Friedrichsen et al,
2011; Magnusson et al, 1999), which are difficult to
infer from the types of data used to assess PCK com-
ponents through LLMs in this study (i.e., lesson plans
and open-ended responses). The EOTS-KG survey was
deemed appropriate given its strong alignment with the
conceptualization of OTS (Suh & Park, 2017; Suh et al,,
2022). Specifically, EOTS-KG consists of four intercon-
nected dimensions that shape instructional practices
for fostering knowledge generation, falling along a spec-
trum where beliefs are teacher-centered at one end and
learner-centered at the opposite end: (1) epistemic align-
ment, (2) authority relations in learning, (3) views on the
nature of knowledge, and (4) beliefs about student ability
(Suh et al., 2022). Epistemic alignment reflects the coher-
ence among a teacher’s beliefs about knowledge, learning,
and instruction. Authority relations in learning relate to
whether knowledge is viewed as being transmitted from
an authoritative source or being constructed by the indi-
vidual themselves. Beliefs about the nature of knowledge
refer to whether knowledge is seen as fixed or evolving.

Beliefs about the
Nature of Science

Topic-specific
strategies

Knowledge of
Instructional

< Representations
Activities

Understanding in

Motivation & Interest Science (KSU)

Need

ies and
Representations
(KISR)

Subject-specific
strategies

Curricular Materials

Knowledge of
Science
Curriculum (KSC)

Curricular Saliency

Horizontal/Vertical
Curricula

Dimensions of Science
Learning to Assess

Knowledge of
Assessment of
Science Learning
(KAs)

Methods of Assessing
Science Learning

Fig. 1 Conceptual framework of the study based on the Pentagon Model of PCK adapted from Park and Oliver (2008b)
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Finally, beliefs about student ability capture views on stu-
dents’ ability to learn.

Although LLMs were not used to assess OTS directly,
we tested the hypothesized relationship between OTS, as
measured by EOTS-KG, and the other PCK components
identified by LLMs. This served two purposes: to vali-
date the EOTS-KG’s ability to assess OTS and to examine
whether the PCK levels identified by the LLMs align with
theoretical expectations drawn from existing PCK litera-
ture. Previous studies employing the pentagon model or
similar frameworks indicate that OTS is positively associ-
ated with other PCK components and overall PCK devel-
opment (Boesdorfer & Lorsbach, 2014; Demirddgen,
2016; Faikhamta, 2013; Park & Oliver, 2008b). There-
fore, we expect the PCK levels identified by LLMs to be
correlated with OTS, at least to the same degree as the
human-observed PCK levels. However, Demird6gen
(2016) found that only specific elements of OTS, particu-
larly beliefs about science teaching and learning, as con-
ceptualized as epistemic alignment in Suh et al’s (2022)
framework, were related to KISR. This finding suggests
that OTS, in its entirety, may not strongly correlate with
KISR in the current study.

One of the teacher characteristics that research has
investigated in relation to PCK is self-efficacy for teaching
science topics, which Park and Oliver (2008b) included
in their hexagon model of science teacher PCK. While
Uzuntiryaki-Kondakci et al. (2017) reported qualitative
association between self-efficacy for teaching science and
PCK, Thomson et al. (2017) found no statistically signifi-
cant correlation between them. Therefore, we hypothe-
size that both human-observed and LLM-identified levels
of PCK components would not show significant correla-
tions with self-efficacy in teaching science.

In addition, several studies have examined the relation-
ship between PCK and teacher characteristics such as
years of science teaching experience and advanced licen-
sure (e.g., National Board Certification). Research has
suggested that more experienced teachers tend to have
higher levels of PCK (Chan & Yung, 2018; Smit et al,,
2017; Van Driel et al., 1998). However, Park et al. (2020)
noted that teaching experience alone might not always
predict PCK levels. Similarly, advanced licensure, such
as National Board Certification or other science sub-
ject-specific certifications, has been shown to positively
related to PCK development (Park & Oliver, 2008a; Park
et al,, 2020). Based on these findings, we hypothesize that
both human-observed and LLM-identified PCK levels
would reflect similar relationships with teaching experi-
ence and advanced licensure.

(2026) 8:3 Page 5 of 17

Methods

To address the research questions regarding the feasibil-
ity of using LLMs to identify teacher PCK, we used two
different data sources: open-ended responses in the PCK
assessment and lesson plans. Our focus was on four key
components of PCK: KSU, KISR, KSC, and KAs. While
synthetic responses were used to train the models for
open-ended response before testing and validating them
against actual teacher responses, actual lesson plans col-
lected from open-source online platforms and teacher
professional online communities were used to train the
models for lesson plans. All procedures were reviewed
and approved by the SRI International Institutional
Review Board (IRB), which determined the study as
exempt under educational research criteria.

Developing, testing, and validating the lesson plan scoring
model

We gathered a total of 53 lesson plans on the topic of
photosynthesis, from various open-source online plat-
forms, including teacher forums, educational resource
websites (e.g., http://www.teacherspayteachers.com),
and personal teacher webpages. To be included in our
dataset, lesson plans had to meet the following criteria:
(1) focused on photosynthesis, (2) written in English, (3)
downloadable in full text, and (4) explicitly intended for
K-12 classroom use. The lesson plans ultimately selected
covered a range of grade levels from 3rd through 12th
grade. These lesson plans were selected from open-
access educational and teacher personal teaching blogs
that explicitly allowed public download and reuse for
research and educational purposes. All materials were
screened to ensure compliance with copyright and licens-
ing norms. We did not restrict our selection to specific
grade levels. This decision was grounded in our concep-
tualization of PCK, which emphasizes the interconnect-
edness of its components rather than the specific depth
or breadth of the scientific content taught. While prior
research has underscored the role of content knowledge
in shaping PCK (e.g., Kirschner et al., 2016; Sorge et al.,
2019;), we argue that content coverage required for par-
ticular grade-level expectations is sufficient to evaluate
PCK quality using the pentagon model, where the focus
lies in how PCK components relate to and reinforce one
another across contexts.

To evaluate the quality of these lesson plans, we used
the validated rubrics developed by Grofimann and
Kriiger (2024) based on the pentagon model of PCK. The
authors developed the rubrics based on the assumption
that teachers’ levels of PCK are correlated with the qual-
ity of lesson plans. The rubrics break down each compo-
nent of the PCK pentagon model into 24 finer grained
subcomponents and are evaluated on a scale of 1 (not
present), 2 (sufficient), and 3 (excellent), making them
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adaptable for measuring the quality of lesson plans. In
addition, the rubrics were validated using lesson plans
created by in- and pre-service teachers, with interrater
reliability values ranging from 0.57-1.00. However, we
found that five components specific to pre-service teach-
ers’ lesson plans are not suitable for our collected lesson
plans written by in-service science teachers. For exam-
ple, progression throughout a unit subcomponent refers
to how teachers identify the way multiple lesson plans
within a unit build upon each other to achieve the unit’s
goals. We found that in-service teachers typically do not
include such a section, as they tend to create lesson plans
one by one. In addition, given that out current work is a
proof of concept we focus more on certain key subcom-
ponents of each PCK component.

Consequently, only nine subcomponents, as shown in
Table 1, were used to provide a proof of concept of mod-
els to identify PCK using lesson plans. Two research-
ers independently coded 53 collected lesson plans using
the modified rubrics. Another researcher was invited
to calculate the reliability between the two coders using
Gwet AC1 (Gwet, 2008). Then the three researchers met
to discuss and resolve discrepancies until reaching a
consensus.

To develop each automated scoring model to assess
the quality of the same lesson plans for each selected
subcomponent, given the limited number of 53 lesson
plans, we started with using zero-shot learning. In this
approach, no examples were provided to the LLMs, and
the Explanation-Prediction (E-P) approach (Huang et al.,
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2023) was applied to assess initial model performance.
Then, we transitioned to few-shot learning, using exam-
ples generated by the initial zero-shot learning model.
These examples served as a foundation for helping the
model grasp the complexities involved in scoring such
content. The prompt engineering approach we used
in this stage is a combination of two aspects: chain of
thought and heuristics in a hierarchical decision-making
structure. This combination made the automated scor-
ing model establish a clear understanding of the rank-
ing criteria coupled with the examples provided to make
its decision-making more accurate (Amatriain, 2024).
Finally, the trained automated scoring models were used
to score the remaining lesson plans on the nine selected
subcomponents. Additionally, to assess the performance
of the model relative to human labeling, we used Gwet’s
AC1 with quadratic weighting (Gwet, 2008) for both
human-human and machine-human reliability.

Developing, testing, and validating models for identifying
PCK using open-ended questions

Phase 1. Training LLMs using synthetic data

We developed a PCK measure by adapting the PCK
assessment developed and validated by Park et al. (2018)
that aimed to measure teacher PCK for teaching photo-
synthesis. While Park et al’s (2018) assessment focused
on only two components of PCK — KSU and KISR — we
added the Knowledge of Assessment (KAs) component
to our measure to expand its scope. Our initial PCK mea-
sure utilizes six text-based classroom scenarios used in

Table 1 Selected PCK subcomponents from GrofSmann and Krtiger's (2024) rubrics

PCK PCK Subcomponent Subcom- Description
Component ponent
Code
KSC Intended learning 03 Evaluates how well the learning outcome is stated addressing what students will achieve or
outcome in the improve as a result of the lesson.
lesson
Choice of topic 2 Evaluates the relevance and justification for selecting the lesson topic to foster the intended
competencies or learning outcomes by considering its alignment with curriculum demands,
societal relevance, and educational principles.
KSU Learning difficulties ~ S4 Assesses whether potential challenges (e.g., language barriers or topic-specific challenges)
students may face during the lesson are identified.
Methodical skills S5 Assesses whether students’skills (e.g., science and engineering practices) needed to achieve the
learning outcome are identified.
KISR Structure of the 1 Evaluates whether the lesson is designed to build competencies progressively through its

development of

competencies the lesson.

phases, with clear connections between tasks and learning objectives throughout all parts of

Evaluates the organization of the lesson, specifically the logical sequencing of phases and

instructional steps, and whether they contribute effectively to achieving the learning outcomes.

Lesson structure 12
Suitability of the 13
methods

KAs Transparency perfor- Al

mance expectations

Evaluates whether the teaching methods and activities selected for the lesson are appropriate
for achieving the intended content or process-related learning outcomes.

Assesses whether and how clearly the performance expectations for the intended learning out-
comes (content, form, and scope) are communicated to students, including the extent to which

relevant and specific criteria are shared to guide students in understanding what is expected.

Products of students’ A2

learning products.

Evaluates how the lesson concludes with the presentation and discussion of students'learning
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Park et al. (2018), in which students demonstrate alter-
native conceptions and learning difficulties related to
photosynthesis. With each scenario, respondents are
prompted to answer six open-ended questions related
to the three target PCK components, two questions for
each component. This initial measure was distributed
via email to approximately 5,000 teachers across various
U.S. states. Despite offering monetary compensation and
conducting active recruitment efforts, only 18 complete
responses returned, primarily due to the length and cog-
nitive demands of the PCK questions. To address this
challenge and increase teacher participation, we decided
to streamline the measure by focusing on a single sce-
nario with six questions, as shown in Fig. 2.

Considering the aforementioned low return rate, we
followed the UK Department for Education (2024) rec-
ommendation to use synthetic data to train and test
LLMs, especially when education data are limited. Syn-
thetic data refer to responses generated by LLMs when
prompted to answer the questions in the PCK mea-
sure. Aa a result, we generated a wide range of synthetic
responses with LLMs such as Llama, Mistral, and Zephyr
to provide diverse examples for the model to learn from.
Figure 3 illustrates the process used to train LLMs to
generate high-quality synthetic responses.

Specifically, to obtain synthetic data, we used the sce-
nario and questions from the final PCK measure as inputs
and leveraged pretrained LLMs for response synthesis.
The prompts for the LLMs were developed iteratively:
We manually refined the prompt template, analyzed
the LLM outputs, and adjusted the prompts to better
resemble real teacher responses. Each prompt sequence
included a system prompt that defined the teacher’s

Scenario: Ms. Hammer was wrapping up the lesson on photosynthesis by

writing the following summary equation on the board:

Sunlight, Chlorophyll
6 CO, + 6 HyO ——----—--eeeeemeeneeceeeaa> 6 O, + CgH 1,05 (glucose)

Ms. Hammer initiated a discussion focusing on the equation to gauge
gtudent_s’ understanding of photosynthesis. Below is an excerpt of their
iscussion.

April: Sunlight is necessary to warm the plants to do photosynthesis. During
photosynthesis, plants absorb heat energy from the sun.

Bill: That's correct. This process occurs in the green pigments within chloroplasts.
Then, when there is no light, heat energy is converted into chemical energy,
producing glucose.

Cindy: Glucose, along with other nutrients, is also absorbed through the roots from

the soil. They serve as food, helping the plants to grow.

A t Question Category PCK Construct
KSU1. Identifying students’ conceptual challenges Knowledge of Student
KSU2. Reasoning about why students have such challenges Understanding (KSU)
KISR1. Proposing instructional approaches Knowledge of

Instructional Strategies

KISR2. Reasoning about the proposed instructional approaches and Representations

(KISR)
KA1. Proposing assessment methods and timing, and )
reasoning about the proposed assessments Knowledge of Science
Assessments (KAs)

KA2. Proposing criteria for assessing students’ understanding

grade level, years of experience, and teaching context, fol-
lowed by user prompts presenting the classroom scenario
and open-ended PCK questions. Four researchers evalu-
ated whether the generated responses were Al-like, and
we further engineered the prompt template to improve
the quality of the synthetic data. This iterative process
involved revising phrasing, specificity, and examples to
reduce generic or overly polished outputs and to encour-
age realistic, varied reasoning patterns. To promote
transparency and replicability, we provide representative
system and user prompts, as well as sample model out-
puts and associated PCK rubric scores, in Appendix A.
The prompts were systematically varied to reflect differ-
ent levels of teaching experience and to elicit diverse rea-
soning patterns aligned with the PCK components. We
acknowledge that despite iterative refinement, prompts
may still embed assumptions or biases that influence
model responses, a limitation discussed further in the
Discussion section.

A total of 188 sets of synthetic data, comprising 1,128
responses to six questions, were generated and manually
coded using the scoring rubric exemplified in Fig. 2. We
then trained and tested transformer-based Bidirectional
Encoder Representations from Transformers (BERT)
models using the 80:20 split to identify the sophistication
level of each PCK component in each response. We used
80% labeled data to train the model and 20% to validate
the models. BERT models were selected for their abil-
ity to adapt semantics to specific application contexts
(Rogers et al., 2021). We trained four BERT models—
RoBERTa, BERTxnli, EQuBERT, and FineWeb—to iden-
tify the PCK levels of the generated synthetic response
data on a scale from 1 to 3. Descriptions of these models

A Q ion Category PCK Construct

Identifying students’ conceptual challenges KSU1

Level Rubric Description Assigned
Score
Missing or responses like “See above” or “Not
applicable”.
Al-like responses/responses that don’t like real 99
teachers’ responses

Identifying ONE unique target
misconception/conceptual challenge OR ONLY 1
general/irrelevant misconception.

U\ LETEICE [dentifying TWO unique target 2
misconceptions/conceptual challenges.
Identifying at least THREE unique target 3
misconceptions/conceptual challenges.

‘ Sample Response: Based on the explanations provided
by the students, it seems that April may have a
misconception that sunlight is necessary to warm the plants
in order to do photosynthesis, while Bill and Cindy may
have difficulty understanding the role of glucose as a
source of energy for plant growth.

Fig. 2 Scenario and questions in the PCK measure along with an example rubric
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Interactional context
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Scenario background text LLM prompt template

—a >

Survey question text

LLMs
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Fig. 3 Process for generating synthetic data and training the automated scoring model

Table 2 Trained and tested LLMs
LLM

Robustly Opti-
mized BERT Pre-
training Approach
(RoBERTa)

Description

An enhanced variant of BERT that improves the
pretraining process by using a larger dataset and
skipping a task called Next Sentence Prediction,
leading to better performance on NLP benchmarks
(Liu, 2019).

A version of BERT fine-tuned for natural language
inference (NLI), designed to handle multilingual
and cross-lingual understanding by training on
language pairs, making it suitable for translation
and inference tasks (Conneau et al., 2018).

A specialized BERT model tailored for educational
contexts, focusing on understanding education
data and facilitating tasks such as automated
feedback generation and interpreting student
responses in assessments (Clavié & Gal, 2019).

BERTxnli

EduBERT

FineWeb An LLM refined specifically for extracting informa-
tion from web data, with an emphasis on under-
standing webpages and web-specific content,
making it valuable for information retrieval, summa-

rization, and content analysis (Penedo et al,, 2024).

are provided in Table 2. We selected these transformer-
based BERT models due to their strong contextual under-
standing, established reliability in automated scoring
tasks, and adaptability to small, domain-specific datas-
ets. Their diverse pretraining corpora, ranging from edu-
cational text (EQuBERT) to multilingual inference data
(BERTxnli), allowed comparative evaluation of model
architectures for PCK analysis. To assess the performance

of these models, we used Gwet’s AC1 with quadratic
weighting for both human-human and machine-human
reliability on the synthetic data. Discrepancies among
human coders were discussed and resolved before using
the labels to train and test the models.

Phase 2. Testing LLMs pre-trained with synthetic data using
actual teacher responses

After training and validating the models on synthetic
data, we tested their performance on actual teacher
response data. The PCK measure consisting of one sce-
nario and six questions, used to train the models, were
distributed via email and 115U.S. science teachers com-
pleted the PCK measure as well as other surveys (i.e.,
self-efficacy in teaching photosynthesis, epistemic orien-
tation toward teaching science, and demographic ques-
tions) used in Phase 3. The collected responses were
analyzed to determine whether the four LLMs trained
on synthetic data could reliably identify teachers’” PCK
based on their actual responses to open-ended questions.
To evaluate human-machine reliability on the actual
teacher responses, we calculated Gwet’s AC1 with qua-
dratic weighting. For PCK components with low human-
machine reliability (<0.70), we conducted a thematic
analysis (Saldafia, 2021) to identify patterns and reasons
behind the models’ misalignment with human observa-
tions. Two researchers who had previously coded and
scored the responses independently examined separate
sets of responses where discrepancies between human
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and machine scores occurred. Each researcher identified
potential reasons for the misalignment, focusing on dif-
ferences in interpretation and scoring. The researchers
then met to discuss their findings and used a selective
coding process to generate overarching themes. Although
we did not conduct double-coding, we used collaborative
discussion to support the trustworthiness of the findings.

Phase 3. Validating the LLMs generated PCK levels of actual
teacher responses through correlation

To validate the machine-generated PCK levels and
answer the second research question, we conducted Pear-
son and Spearman correlation tests. These tests explored
the relationships between the PCK levels identified by
the LLMs and the aforementioned teacher characteristics
such as self-efficacy in teaching photosynthesis, years of
science teaching experience, and National Board Certi-
fication. We then compared these relationships to those
established using PCK levels identified by human evalu-
ators. We modified the T-STEM science scale validated
by Unfried et al. (2022) by changing “science” in the item
wording to “photosynthesis and cellular respiration” to
measure teachers’ self-efficacy in teaching photosynthe-
sis. This scale consisted of eight 5-point Likert-type items
with Cronbach’s alpha of 0.97. To measure teachers’ OTS,
we used forty-four 5-point Likert items developed and
validated by Suh et al. (2022) with Cronbach’s alpha of
0.81. Regarding the demographic information of the 115
teachers, the average years of science teaching experience
was 15.46 (SD=9.21), with a range from 0 to 42years.
Among the participants, 61% identified as female, 36%
as male, and 3% preferred not to disclose their gender.
Additionally, 15% of the teachers held National Board
Certification. The majority of teachers identified as
White (70%), followed by Asian (11%), Hispanic (9%),
and Black/African American (4%). Regarding grade level
taught, 63% of the participants were high school teachers,
18% were middle school teachers, 4% were elementary

Table 3 Comparison of human-human and human-machine
reliability of lesson plans subcomponent scoring (PA=percent

agreement)

PCK Subcom- Human-Human Human-Machine

Component  ponent PA (%) AC1 PA (%) AC1
Code

KSC [OF] 93.63 0.870 975 0.947
2 94.83 0.894 90.9 0.750

KSU S4 91.38 0.749 97.0 0.927
S5 90.52 0.839 96.1 0.929

KISR 1 87.93 0.752 884 0.743
12 96.55 0.954 974 0.968
13 91.38 0.847 91.8 0.856

KAs Al 98.30 0.966 98.0 0.960
A2 93.63 0.870 96.1 0.924
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school teachers, and 4% were either K-12 teachers or did
not provide this information.

Findings

Evaluating LLMs’ accuracy in identifying science teacher
PCK levels compared with human labeling (RQ1)

To address the first research question, we report find-
ings from human-human and human-machine reliability
analyses for both lesson plans and open-ended responses.
Additionally, we present thematic analyses of the patterns
and contexts where the models, pretrained on synthetic
data, failed to accurately identify levels of PCK when
tested with actual teacher responses.

Lesson plans

As illustrated in Table 3, most human-machine reliabil-
ity values across all components surpassed the human-
human reliability values. This was particularly evident
for the KSU subcomponents, where human-human reli-
ability values were below 0.90, but human-machine reli-
ability values exceeded 0.90. These results indicate that
the models effectively assessed the quality of potential
students’ learning difficulties (S4) and necessary method-
ological skills students need to learn (S5) as described in
the lesson plans.

Similarly, for all subcomponents of KAs, human-
machine reliability values were also above 0.90, suggest-
ing that the models performed well in evaluating both
the transparency of performance expectations and the
products of students’ learning as presented by teachers
in the lesson plans. However, for KSC, while the model
outperformed human-human reliability on O2 (assess-
ing the quality of learning objectives in the lesson plans),
the model for C2 performed poorly (C2: evaluating the
relevance and justification for selecting the lesson topic
to foster intended competencies and learning outcomes,
including its alignment with curriculum demands, soci-
etal relevance, and educational principles).

Additionally, for KISR, the models performed as well
as human coders on 12 and I3. These components assess
the logical sequencing of phases and instructional steps,
their effectiveness in achieving learning outcomes, and
the appropriateness of teaching methods and activi-
ties for the intended content or process-related learn-
ing outcomes. However, the models struggled with I1,
which evaluates whether the lesson is designed to build
competencies progressively through its phases, with
clear connections between tasks and learning objectives
throughout the lesson.

These findings suggest that while the models excel at
analyzing explicit criteria and assessing certain aspects of
lesson plans, they face challenges in identifying reason-
ing patterns and connections between tasks and learn-
ing objectives throughout all phases of the lesson in the
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Table 4 Comparison of human-human and human-machine reliability values for synthetic responses
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Question Human-Human FineWeb EduBERT BERTxnli RoBERTa

PA(%) AC1 PA(%) AC1 PA(%) AC1 PA(%) AC1 PA(%) AC1
KSU1 9242 0.807 86.11 0.692 89.81 0.748 7315 0.284 88.89 0.724
KSU2 91.08 0.808 88.46 0.755 84.62 0.669 87.50 0.745 85.58 0.706
KISR1 92.19 0.766 93.52 0.820 89.81 0.738 89.81 0.734 86.11 0.594
KISR2 94.46 0919 94.00 0.887 95.00 0927 91.00 0814 92.00 0.818
KAs1 94.87 0.875 94.23 0.844 97.12 0.931 97.12 0.931 8942 0.736
KAs2 90.16 0.705 87.96 0.644 90.74 0.737 86.11 0.589 91.67 0.755
Table 5 Comparison of human-machine reliability values for actual Teacher responses
Question FineWeb EduBERT BERTxnli RoBERTa

PA(%) AC1 PA(%) AC1 PA(%) AC1 PA(%) AC1

KSU1 83.11 0511 75.00 0.302 74.34 0.268 8245 0.499
KSU2 79.60 0.566 78.95 0.564 81.14 0.565 83.11 0.620
KISR1 88.27 0.712 87.17 0.679 85.18 0.620 89.82 0.721
KISR2 96.90 0.967 97.57 0.974 96.46 0.958 95.80 0.954
KAs1 93.58 0917 94.69 0.932 95.35 0.940 76.11 0.607
KAs2 94.03 0914 92.70 0.901 9248 0.891 93.81 0.899

lesson plans. This may indicate limitations in the model’s
ability to process nuanced pedagogical reasoning and
coherence in instructional design.

Open-ended responses: training and testing using
synthetic responses

Table 4 summarizes the results of testing the pretrained
models with synthetic data and comparing their perfor-
mance with human-human reliability. As indicated in the
table, most reliability values among human coders ranged
from 0.705 to 0.919, indicating acceptable to satisfac-
tory levels (DeVellis & Thorpe, 2021). For the first ques-
tion (KSU1) in the PCK measure, which asks to identify
students’ conceptual challenges with photosynthesis,
EduBERT achieved the highest human-machine reli-
ability, closely matching human-human reliability. This
was followed by RoBERTa and FineWeb, which demon-
strated reliability values similar to EQuBERT. By contrast,
BERTxnli performed poorly on this question.

For the second question (KSU2) in the PCK mea-
sure, which focuses on identifying the reasons behind
the conceptual challenges identified in KSU1, EQuBERT
performed worse than the other models. In this case,
the other models achieved reliability values above 0.70,
with FineWeb emerging as the best-performing model
among the four. Interestingly, FineWeb also performed
the best—and even outperformed human coders—on
the third question (KISR1), which asks respondents
to describe pedagogical approaches to help students
overcome the challenges identified in KSU1. FineWeb
achieved a reliability value above 0.80, while EduBERT
and BERTxnli produced values closer to human-human
reliability. However, for the fourth question (KISR2),
which prompts respondents to justify the rationale

behind the pedagogical approaches mentioned in KISR1,
EduBERT performed the best among all models, achiev-
ing a human-machine reliability value of 0.927, surpass-
ing the human-human reliability value of 0.919. The
other models also performed well on this question, with
reliability values exceeding 0.80. Notably, when coding
the synthetic responses for KISR2, we observed a signifi-
cant imbalance in the variability of levels, with responses
heavily concentrated at Levels 1 and 2, and only 4% cat-
egorized as Level 3.

For the final two questions measuring knowledge
of science learning assessments (KAs), EQuBERT and
BERTxnli performed the best on KAs1, which focuses on
identifying types of assessments suitable for measuring
students’ understanding of photosynthesis. Both mod-
els surpassed the human-human reliability value. On
KAs2, which examines criteria for determining whether
students still face conceptual challenges, EQuBERT and
RoBERTa performed the best, achieving reliability values
above 0.70 and surpassing human-human reliability.

These findings underscore the importance of address-
ing and resolving discrepancies among human coders
before using their labeled synthetic responses to train
the LLMs. In several instances, the models outperformed
human coders when labeling synthetic responses, high-
lighting the potential of LLMs to provide reliable evalua-
tions for specific PCK components.

Open-ended responses: LLM performance using actual
teacher responses

When the pretrained and tested LLMs with synthetic
data were used to identify PCK levels in actual teacher
responses, as shown in Table 5, all four models per-
formed well overall, with human-machine reliability



Rachmatullah et al. Disciplinary and Interdisciplinary Science Education Research

values mostly above or around 0.90 for KISR2, KAsl,
and KAs2. However, RoBERTa underperformed on KAs1
compared with the other models.

Interestingly, the models performed significantly
worse on KSU1 and KSU2 when tested on actual teacher
responses compared with their performance on syn-
thetic data, where reliability values were above 0.65 and
approached 0.70. With actual responses, reliability val-
ues for KSU1 and KSU2 mostly ranged between 0.50 and
0.60. Notably, EQuBERT and BERTxnli performed the
worst on KSU1, with reliability values of only 0.302 and
0.268, respectively. Similarly, the models’ performance on
KISR1 was lower than when tested with synthetic data,
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with the exception of RoBERTa, which performed bet-
ter when using synthetic data. Based on these results,
FineWeb emerged as the most reliable and stable model
across the different components.

Our qualitative analysis of the responses and patterns
of levels assigned by the LLMs for KSU1, KSU2, and
KISR1 identified specific themes for each of the models,
especially for where the models failed. Table 6 provides
specific examples of challenges encountered by each
model for these three questions.

For KSU1, three key themes emerged, highlighting
challenges most models faced. The first challenge was
the models’ tendency to assign higher levels of PCK for

Table 6 Challenges faced by each llm for questions KSU1, KSU2, and KISR1

FineWeb

EDUBERT

BERTxnli

RoBERTa

KSU1

Evaluated responses with incomplete
or ungrammatical sentences poorly,
even if the conceptual challenges were
correct.

Relied heavily on common terminology
from the training set, missing uncon-
ventional phrasing.

Overcounted conceptual challenges
when phrasing was reiterated and mis-
classified unrelated incorrect concep-
tual challenges as relevant.

KSU2

Had difficulty identifying abstract or
complex ideas unless explicitly stated.

Required detailed articulation for
responses about students’ personal
experiences or background information
to be scored correctly.

Missed responses that alluded to com-
plexity or abstraction without directly
using key terms.

KISR1

Struggled to identify strategies de-
scribed in sentences where misconcep-
tions and activities were in separate
clauses or indirectly connected.

Tended to count multiple misconcep-
tion-activity links as separate strategies,
inflating scores.

Missed strategies described with less
common terminology or phrased
indirectly.

Over-scored general responses
using correct terminology, even
when lacking detail.

Showed inconsistency when
scoring sentences without
explicit mentions of misconcep-
tions or correct conceptions.

Counted reiterations of the
same misconception as separate
instances.

Struggled with indirect refer-
ences to abstract or complex
ideas.

Had issues recognizing less
formal or indirect mentions of
student-centered reasons unless
explicitly connected to the
question.

Was overly reliant on grammati-
cal structure and photosynthe-
sis terminology for accurate
scoring.

Focused on identifying clear
strategies through action verbs
(e.g.,"we'll do a lab activity”), but
often missed those described
without explicit labels.

Scored responses with detailed
terminology higher, even if the
strategy was not explicitly linked
to misconceptions.

Missed indirect references to
activities or experiments more
often than other models.

Evaluated generic mentions of
concepts (e.g., “the role of X") as cor-
rect conceptual challenges, against
expectations.

Struggled with nuanced differ-
ences between concepts (e.g, light
vs. heat energy) and occasion-

ally undercounted or overcounted
misconceptions.

Failed to evaluate correct conceptual

challenges not explicitly framed in
terms of conceptual challenges.

Over-scored general phrases like
“this can be hard for students

to understand” without deeper
explanation.

Struggled to consistently flag valid
reasons unless they were part of a
complete sentence using subject-
specific terminology.

Rarely recognized student-centered
reasons unless explicitly linked to a
misconception or concept.

Over-scored responses that listed
multiple explanations or questions,

counting each as a separate strategy,

even if not detailed.

Frequently missed experiment
descriptions that lacked explicit
labeling or detailed explanation.

Tended to give higher scores to
responses using common terminol-
ogy, even if the response lacked
depth.

Often rated vague phrases like
“the role of X" or incomplete sen-
tences higher than expected.

Miscounted multiple misconcep-
tions described in one sentence
or similar language used for differ-
ent scenarios.

Struggled with technical terminol-
ogy or linking less obvious related
terms to relevant misconceptions,
leading to score inconsistencies.

Tended to score phrases and
incomplete sentences as 1, which
worked better for B than A but
still caused inconsistencies.

Most sensitive to grammatical
structure among the models,
leading to difficulty with indi-
rect allusions or unstructured
responses.

Scored general instructional
challenges, unrelated to target
misconceptions, as valid reasons,
occasionally inflating scores.

Failed to recognize experiments
or activities without explicit labels
or details.

Over-scored responses that
mentioned multiple misconcep-
tions or vague references without
specific strategies.

Sentence structure played a
significant role in scoring, with
grammatically correct responses
receiving disproportionately
higher scores.
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vague mentions or terminology without detailed explana-
tions. For example, BERTxnli identified general concep-
tual phrases such as “the role of sunlight” as a conceptual
challenge. However, according to the rubric and the
labeled training data, such general mentions of concepts
should not be considered conceptual challenges. Addi-
tionally, the models struggled to differentiate between
nuanced concepts such as light and heat energy, leading
to occasional undercounts or overcounts of conceptual
challenges. The second challenge involved reiteration and
redundancy. Conceptual challenges phrased in differ-
ent ways were sometimes counted multiple times, such
as “Some misconceptions I notices is that students think
that heat is part of the process and that the plant need
to heat up,” counted as having two conceptual challenges
instead of one. In contrast, closely related challenges
with similar phrasing but occurring in different contexts
were often counted as a single mention of conceptual
challenge. This inconsistency frequently resulted in a
lower level of KSU1 being assigned. The third challenge
involved terminology recognition. The models inconsis-
tently linked related terms (e.g., associating ‘nutrients’
and ‘food molecules’ with glucose or ‘ATP’ with energy
misconceptions), leading to inaccuracies in PCK identi-
fication. This issue may have stemmed from the synthetic
training data, as responses using less common phras-
ing or terminology—such as ‘nutrients’ and ‘food mol-
ecules’—were often overlooked.

For KSU2, three major themes were identified in rela-
tion to the models’ struggles in evaluating teacher
responses accurately. The first issue was associated with
key terms and phrasing. The models had difficulty iden-
tifying key terms such as “abstract,” “multi-step process,’
and “hard to visualize” unless these terms were explic-
itly stated in clear, grammatical sentences. Indirect ref-
erences or allusions to these ideas (e.g., “not intuitive
to think about the world from a chemical perspective”)
were often missed, despite the rubric and training with
synthetic data emphasizing that such reasons should
be counted as valid. The second challenge involved rec-
ognizing student-centered reasons. The models incon-
sistently flagged reasons related to students’ personal
experiences or counted oversimplified background
knowledge as valid, which led to instability in their evalu-
ations. Finally, the third challenge pertained to sentence
structure sensitivity. Responses written as incomplete or
ungrammatical phrases were frequently rated as Level 1,
regardless of the validity and relevance of their content.

For KISR1, similar themes to those found in KSU1 and
KSU2 became apparent, particularly regarding sentence
structure sensitivity and terminology. The models tended
to assign lower levels to incomplete or ungrammatical
sentences, even when valid strategies were described.
Conversely, grammatically correct but vague or overly
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general responses were sometimes assigned higher lev-
els. The models also heavily relied on specific termi-
nology from the training dataset/synthetic data (e.g.,
“sunlight,” “glucose”) and often overlooked responses that
used less common or indirect terms (e.g., “the product
of photosynthesis”). A unique theme identified in KISR1
was related to the recognition of certain pedagogical
approaches, particularly those involving experiments,
demonstrations, or activities. All models struggled to rec-
ognize these strategies unless explicitly labeled as “exper-
iment,” “demo,” or “activity” This challenge was especially
evident in responses that lacked complete sentences or
additional details.

For KISR2, another major theme surfaced. The models
struggled to recognize a single strategy that addressed
multiple conceptual challenges simultaneously. Instead,
the models often evaluated these responses as represent-
ing multiple valid strategies, assigning them a higher
level, despite the rubric indicating that such responses
should be counted as one strategy dealing with multiple
conceptual challenges.

Comparing relationships between teachers’ PCK levels
identified by LLMs and humans with key teacher
characteristics (RQ2)

To test correlations between the PCK levels identified
by LLMs and humans, respectively, and selected teacher
characteristics, scores from two sub-questions measur-
ing each PCK component were combined to generate a
composite mean score for each component. As shown in
Table 7, the human-generated KSU score was positively
and significantly correlated (p<0.05) with EOTS-KG as
a measure of OTS and years of teaching experience, but
it was not significantly correlated with self-efficacy for
teaching photosynthesis or having National Board Cer-
tification. Similarly, KSU scores generated by FineWeb
showed positive and significant correlations with EOTS-
KG and vyears of science teaching experience, with
correlation coefficients closely matching those of the
human-generated scores. However, KSU scores from
other models did not show significant correlations with
these constructs.

Regarding KISR, we found that the human-generated
KISR score was positively and significantly correlated
with years of science teaching experience and having
National Board Certification, but it was not correlated
with self-efficacy for teaching photosynthesis or EOTS-
KG. FineWeb-generated KISR scores also showed posi-
tive and significant correlations with years of science
teaching experience and National Board Certification,
with correlation coefficients and p-values closely align-
ing with those of human-generated scores. While scores
from EduBERT and RoBERTa were also significantly cor-
related with these variables, their correlation coefficients
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Table 7 Results of correlation tests
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PCK Component LLM Self-Efficacy for Teaching  Epistemic Orientation Toward  Years of Science Having Na-
Photosynthesis Teaching Science-knowledge Teaching Experience  tional Board
generation (EOTS-KG) Certification*
r(113) p r(113) p r(113) p r(113) p
KSU Human -0.051 0.592 0.199 0.034 0.246 0.008 0.044 0.644
EduBERT 0.122 0.193 0.033 0.729 -0.029 0.755 0.137 0.144
RoBERTa —0.192 0.040 0.174 0.064 0.088 0.350 —0.042 0.659
FineWeb 0.059 0.529 0.262 0.005 0.197 0.035 -0.004 0.970
BERTxnli 0.083 0.381 0.059 0534 0.064 0.499 0.031 0.744
KISR Human 0.048 0.610 0.166 0.080 0.229 0.015 0.259 0.006
EduBERT 0214 0.021 0.113 0233 0.180 0.055 0.290 0.002
RoBERTa 0.143 0.126 0.083 0382 0.174 0.062 0.190 0.042
FineWeb 0.125 0.182 0.109 0.248 0.230 0.014 0.264 0.004
BERTxnli 0.074 0432 —0.002 0.981 0.065 0.492 0.165 0.079
KAs Human -0.093 0.327 0.208 0.028 0.066 0.491 0.063 0.509
EduBERT 0.094 0317 -0.013 0.891 0.048 0.610 0.052 0.580
RoBERTa 0.003 0973 0.105 0.265 0.119 0.204 0.159 0.089
FineWeb 0.010 0917 0.135 0.153 0.084 0373 0.124 0.187
BERTxnli 0.035 0.714 0.183 0.051 0.064 0.500 0.109 0.246

Note: *Spearman correlation test

and p-values were less aligned with the human-generated
scores compared to FineWeb.

For KAs scores, the human-generated score was posi-
tively and significantly correlated only with EOTS-KG
and not significantly correlated with self-efficacy for
teaching photosynthesis, years of science teaching expe-
rience, or National Board Certification. None of the
models replicated this result, as the correlations between
LLM-generated KAs scores and EOTS-KG were all non-
significant. Among the nonsignificant correlations, Edu-
BERT, FineWeb, and BERTxnli produced correlation
coefficients and p-values that were closer to the human-
generated scores for years of science teaching experience.
Additionally, EQuBERT showed correlation coefficients
and p-values closer to human-generated scores for the
correlation with National Board Certification. Taken
together, these results suggest that no single LLM should
be used to identify and evaluate science teachers’ PCK
based on open-ended responses. Instead, these findings
indicate that a system combining multiple models as an
ensemble may be more effective for evaluating science
teachers’ PCK.

Discussion

This study represents an initial effort to explore the capa-
bilities of LLMs in identifying levels of science teachers’
PCK. Specifically, we aimed to develop, train, test, and
validate LLMs to assess the levels of PCK components
using lesson plans and open-ended responses to PCK-
related questions. While we made progress in leveraging
LLMs to identify PCK levels, we also identified areas for
improvement.

This proof-of-concept study contributes to two inter-
related fields. First, it advances PCK research by dem-
onstrating a scalable and multi-source method for
assessing teachers’ knowledge using Al-based text analy-
sis. Second, it extends the Al-in-education literature by
applying LLMs to a complex, context-dependent con-
struct—teacher PCK—showing both their promise and
their current limitations. Together, these contributions
highlight the potential of LLMs not only as analytic tools
but also as catalysts for rethinking how teacher knowl-
edge can be assessed and supported at scale. The follow-
ing sections discuss these contributions in greater detail,
moving from specific findings about reliability and data
sources to broader implications for modeling, integra-
tion, and ethics.

Reliability and construct alignment in lesson plan scoring
In developing and testing LLMs to identify PCK levels
using lesson plans, we achieved relatively high reliabil-
ity between human and machine assessments. However,
challenges arose in achieving high reliability for identi-
fying reasoning patterns and establishing clear connec-
tions between tasks and learning objectives throughout
all phases of the lesson as described in the lesson plans.
These challenges were anticipated, as we did not employ
more advanced models, such as BERT, capable of pro-
cessing nuanced pedagogical reasoning and complex
textual patterns. Even with advanced models like BERT,
studies such as Mondorf and Plank (2024) have shown
that LLMs often rely on surface-level patterns rather than
genuine reasoning. This reinforces prior concerns in the
literature about AI’s difficulty in modeling context-sensi-
tive reasoning (Zhai et al., 2020; Zhai & Nehm, 2023).
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Additionally, the limited number of lesson plans avail-
able for training and testing (n=>53) further constrained
model development. This highlights a broader issue in
teacher education research, where collecting diverse
teacher artifacts remains challenging. Despite these
limitations, our models performed well in assessing
explicit, structured criteria in lesson plans. These find-
ings establish a foundation for exploring how LLMs can
capture more interpretive, coherence-related features of
instructional design, providing a transition to the next
focus—how different data sources and training strategies
influence model performance.

Integrating synthetic and authentic data for PCK
assessment

Assessing PCK is cognitively demanding, which became
evident when we initially used the Park et al. (2018)
assessment comprising six scenarios. Many teachers
dropped out or failed to complete the assessment because
of its length. Consequently, we opted to use a single sce-
nario with more targeted questions assessing various
PCK components. Synthetic data, as recommended by
the UK Department for Education (2024), proved helpful
for training Al models to identify PCK levels in educa-
tional settings.

However, challenges remained, including imbalanced
representation of PCK components in the generated
data, even after prompt engineering. This indicates the
need for more advanced prompt-engineering techniques
to train models effectively to generate more diverse syn-
thetic data. While models trained on synthetic data
performed well, they struggled when tested on actual
teacher responses. For instance, EQuBERT, which per-
formed best on synthetic data, showed decreased accu-
racy with actual responses. This aligns with concerns
raised in prior work about generalizability and depth of
LLM-generated content (Bonner et al., 2023; Fang et al,,
2023), which emphasizes the importance of pairing syn-
thetic data with authentic, context-rich responses during
model development—particularly when assessing con-
structs as nuanced as PCK.

Taken together, the lesson-plan and open-response
analyses reveal a consistent theme: LLMs are most effec-
tive when dealing with explicit, structured indicators
of pedagogical quality but less reliable when interpret-
ing implicit reasoning. The next section explores this
challenge in greater depth by examining how the inter-
connected nature of PCK components complicates auto-
mated modeling.

Modeling pedagogical reasoning and interconnected PCK
components

An important insight from this study is that LLMs per-
formed unevenly across PCK components, with notably
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lower reliability for Knowledge of Student Understand-
ing (KSU) compared to KISR and KAs. This variability
may not be merely a technical limitation but may reflect
deeper differences in the cognitive demands and linguis-
tic visibility of different PCK dimensions. KSU involves
two core sub-tasks: (1) identifying students’ conceptual
challenges and (2) explaining the possible sources or rea-
sons behind those misconceptions. Our findings showed
that LLMs struggled most with the first task—accurately
identifying misconceptions—when working with actual
teacher responses, especially when responses included
vague phrasing or lacked standard terminology. This
aligns with prior research on conceptual nuance showing
that LLMs are limited in their ability to reason beyond
surface-level textual cues (Zhai & Nehm, 2023; Mondorf
& Plank, 2024).

The second KSU task, which requires inferring under-
lying causes of misconceptions (e.g., abstraction or prior
experience), was somewhat more reliably scored, though
still below the accuracy observed for other components
like KAs. These findings suggest that certain types of
teacher reasoning—especially those that are implicit,
nuanced, or inferential—remain difficult for LLMs to
detect reliably.

This difficulty also raises broader questions about how
well discrete, rubric-based scoring approaches capture
the inherently dynamic and integrated nature of PCK.
The pentagon model (Park & Oliver, 2008b) conceptual-
izes PCK components as mutually reinforcing and inter-
connected. However, operational scoring often treats
each component as an independent category, which
can obscure interactions such as when teachers justify
instructional strategies based on their understanding
of student thinking. This critique parallels issues raised
by Yang et al. (2025) in video-based PCK assessments,
where LLMs misinterpreted instructional decisions when
separated from the underlying student reasoning.

Recognizing these challenges points directly to the
need for more integrated modeling frameworks, dis-
cussed next, that combine complementary models and
data sources to capture the multidimensional nature of
PCK more accurately.

Toward ensemble and integrated modeling approaches

While FineWeb stood out as the most consistent model
in replicating human-generated scoring patterns, no
single LLM performed equally well across all PCK com-
ponents. This finding highlights the need for ensemble
approaches that combine the strengths of multiple mod-
els. For instance, a weighted-voting ensemble (Mienye
& Sun, 2022) could assign greater weight to models that
perform well on specific components like KSU, while a
stacking approach could use a meta-model to optimize
predictions across models (Polikar, 2012). Research in
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ensemble modeling has shown that such systems can
lower error rates and improve stability (Zhou, 2021).

Building on the observed variation in model perfor-
mance, ensemble or hybrid systems may offer a practi-
cal pathway toward representing PCK as an integrated
construct, aligning better with the theoretical coher-
ence emphasized in the pentagon model. Future studies
should test ensemble configurations for PCK scoring and
explore integrating lesson-plan and open-response mod-
els to create unified teacher-knowledge profiles. These
integrated approaches naturally raise questions of scale,
ethics, and interpretability—issues addressed in the fol-
lowing section.

Limitations and future directions

Although this proof-of-concept study demonstrates
encouraging outcomes, several limitations should be
acknowledged. First, even after iterative prompt engi-
neering, the responses generated by LLMs may embed
subtle biases or lack the cognitive depth found in real
teacher writing. LLMs also tend to overfit to surface-level
linguistic cues derived from scoring rubrics (Mondorf
& Plank, 2024), which can hinder their ability to detect
deeper pedagogical reasoning. Second, our dataset—53
lesson plans and 115 open-ended responses—limits
generalizability. While sufficient for an initial proof of
concept, larger and more diverse datasets are needed to
support model development across instructional con-
texts, teaching styles, and grade levels.

Third, ethical and validity-related concerns remain. The
risk of algorithmic bias, especially if training data reflect
narrow instructional norms, raises questions about
equity and fairness (Holstein et al., 2019; Popenici & Kerr,
2017). Scoring transparency also remains a challenge, as
LLM-generated assessments may lack interpretability for
teachers or evaluators. Most importantly, teacher agency
could be undermined if such tools are used in high-stakes
or evaluative contexts without teacher input, critical
oversight, or alignment with local educational values.
Moving forward, future research should expand datasets,
incorporate multimodal evidence (e.g., classroom video
and audio), and experiment with ensemble and hybrid
human-AI scoring systems. These efforts will strengthen
construct validity, fairness, and interpretability, paving
the way for responsible and equitable use of Al in teacher
assessment.

Conclusion

In summary, this study provides initial empirical evi-
dence that LLMs can identify elements of science teach-
ers’ PCK with promising levels of reliability—particularly
for explicit, structured aspects of instructional design
and assessment—while also revealing persistent chal-
lenges in modeling nuanced pedagogical reasoning. By
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integrating synthetic and authentic data, comparing mul-
tiple model architectures, and aligning findings with the
pentagon model of PCK, this work demonstrates both
the potential and the boundaries of current LLMs in cap-
turing teacher PCK.

The models developed in this study could evolve into
technological tools enabling science teachers to reflect on
their PCK and enhance their instructional practices. Such
tools would also benefit science teacher educators and
professional development providers by identifying areas
for PCK growth, allowing for more targeted programs
that address teachers’ diverse needs and dispositions
(Bae et al., 2020; Rachmatullah et al., 2023). Further-
more, these tools can support researchers in analyzing
large-scale PCK data, advancing our understanding of
PCK and its applications in the classroom. Ultimately,
this proof-of-concept investigation underscores that the
intersection of PCK research and Al has the potential to
transform how teacher PCK is studied, assessed, and sup-
ported. Continued collaboration between science educa-
tion researchers and Al developers will be essential for
realizing this vision responsibly and effectively.
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