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Topic modeling has become a widely used unsupervised machine learning method for extracting latent themes 

from large textual datasets. However, the interpretability of these themes often relies heavily on human judg-

ment, which can limit transparency and reproducibility. Recent advances in large language models (LLMs) 

and prompt engineering offer new opportunities to enhance the interpretability and scalability of topic mod-

eling outputs. This study presents a hybrid, human-in-the-loop methodological framework that integrates 

topic modeling, LLM prompting, and human-derived codes to support rigorous qualitative analysis. We apply 

this framework to focus group interviews with 13 U.S. teachers discussing the conceptualization and assess-

ment of communication and digital literacy skills within competency-based education (CBE) contexts. The 

multi-stage process includes semantic clustering, LLM-assisted topic labeling, and iterative codebook refine-

ment, enabling both scale and interpretive depth. Our findings demonstrate that this approach supports 

construct alignment, thematic stability, and methodological transparency, while preserving the contextual 

richness of qualitative data. We also highlight the importance of human oversight in guiding LLM outputs 

and ensuring theoretical coherence. This work contributes to emerging best practices for integrating AI tools 

into qualitative educational research by offering a replicable approach for analyzing complex, open-ended 

data that maintains both scalability and interpretability. The framework demonstrates how computational tools 

can augment human interpretive expertise while maintaining the epistemological integrity essential to quali-

tative inquiry. Supplemental materials are available at: https://doi.org/10.17605/osf.io/4q6w8.  
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1. INTRODUCTION 

The integration of artificial intelligence (AI), particularly large language models (LLMs), into 

qualitative analysis has the apparent promise of enabling researchers to analyze large textual 

datasets and identify complex patterns reflecting variation in student learning with 
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unprecedented speed and scale (see Schroeder et al., 2025). One perceived advantage of using 

LLMs for qualitative data analysis is the promise of efficiency. Traditional approaches to qual-

itative analysis that rely on manual coding processes can be personnel and time-intensive and 

may produce codes that are subject to interpretive variability (Dai et al., 2023). These constraints 

become particularly problematic when analyzing large amounts of open-ended qualitative data. 

Computational methods, particularly hybrid human-machine learning approaches, have 

shown promise in enhancing the efficiency and reliability of qualitative coding without displac-

ing the interpretive depth of human analysis. For instance, one study found that integrating 

models like BERT into iterative coding processes can significantly reduce manual effort while 

maintaining or even improving coding reliability (Li et al., 2021). Digital tools and emerging 

technologies have also transformed qualitative research practices, enabling new forms of data 

collection, management, and analysis, though they introduce unique challenges that require 

careful methodological consideration (Magida, 2024). While computational methods can am-

plify the extraction of information from rich qualitative data, the emergence of meaning remains 

rooted in interpretive processes rather than analytical scale alone. 

Qualitative research methods that involve hybrid human-machine learning approaches offer 

new avenues for theoretical exploration and data interpretation, allowing researchers to engage 

with qualitative data in more interactive and dynamic ways (Hayes, 2025). However, this com-

putational augmentation introduces significant interpretability challenges that complicate the 

validation of findings within qualitative paradigms. LLMs operate as opaque systems, often 

producing outputs through processes that are not easily traceable or explainable, which can make 

it difficult to understand how themes are identified  (Singh et al., 2024). This lack of transpar-

ency raises concerns not only about methodological reproducibility, but also about the 

epistemological integrity of qualitative inquiry, where understanding how interpretations are 

constructed is central to establishing validity and meaning.  

The opacity of LLMs presents significant challenges for qualitative research, particularly in 

maintaining theme stability and interpretive coherence. Such opacity can obscure the traceabil-

ity of themes back to original data sources, raising concerns about the consistency and 

trustworthiness of thematic structures across analytical iterations (Braun & Clarke, 2006). The 

methodological integrity in qualitative research depends on transparency and fidelity to the sub-

ject matter, both of which are undermined when the analytical process is not easily interpretable 

(Chatfield & Debois, 2022). While LLMs offer advantages in applying codes consistently, they 

often fall short of capturing the nuanced, context-dependent meanings that humans are adept at 

identifying without deliberate prompting (Gratsanis et al., 2025). This limitation becomes espe-

cially pronounced in interpretive tasks requiring deep contextual understanding, where human 

analysts demonstrate superior capacity for discerning subtle thematic distinctions (Morgan, 

2023). Such challenges may be particularly notable in social and behavioral research, where 

understanding participant perspectives requires preserving contextual meaning while maintain-

ing methodological rigor. 

1.1. COLLABORATIVE MODELS OF HUMAN-AI PARTNERSHIP IN QUALITATIVE 

ANALYSIS 

Collaborative frameworks that combine human interpretive expertise with computational capa-

bilities, rather than replacing human analysis with automated systems, may offer a path forward 

toward AI-assisted qualitative research. However, these partnerships require careful attention to 

workflow design, quality assurance strategies, and the preservation of human interpretive au-

thority throughout the analytical process to maintain interpretability and analytical validity 
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(Hitch, 2024). The goal is therefore to create synergistic relationships where computational tools 

enhance rather than replace human analytical capabilities. 

Empirical studies have demonstrated that hybrid approaches can outperform both human-

only and fully automated methods. For instance, the results of a study comparing four ap-

proaches to inductive codebook development, fully manual human-only, fully automated 

ChatGPT-only, and two hybrid approaches, indicate that hybrid methodologies developed code-

books more efficiently than human-only methods while demonstrating higher inter-coder 

reliability and quality ratings from human experts (Barany et al., 2024). Importantly, the fully 

automated approach produced lower quality results, confirming that human oversight remains 

essential for analytical rigor and interpretability, while hybrid approaches achieved the benefits 

of both computational efficiency and human interpretive sophistication. 

Research using methodological approaches that include structured workflows for engaging 

with computational tools, such as LLMs in qualitative analysis, may provide guidance for future 

implementation of collaborative frameworks that maintain interpretability. For example, Col-

labCoder, a GPT-powered workflow, assists collaborative qualitative analysis at three critical 

stages: suggesting initial codes during open coding, identifying disagreements between human 

coders during refinement, and suggesting code merging strategies during finalization (Gao et 

al., 2023). Evaluation of this structured approach demonstrates how systematic integration of 

AI tools can support rather than replace human analytical work. 

Integrating computational tools into established qualitative methodologies requires adher-

ence to foundational methodological principles. For example, combining expert-developed 

codebooks with GPT-3 for deductive coding has been shown to produce substantial agreement 

with human-coded results, emphasizing the importance of clear and comprehensive codebook 

design (Prescott et al., 2024; Xiao et al., 2023). Similarly, structured frameworks for leveraging 

ChatGPT within grounded theory methodology have emphasized the essential role of human 

researchers in driving theory development while using AI to support systematic analysis (Sinha 

et al., 2024). These approaches demonstrate how computational tools can enhance established 

methodological frameworks without compromising their theoretical foundations. 

At the same time, ensuring quality in collaborative frameworks also involves rethinking tra-

ditional approaches to trustworthiness and reliability. As qualitative methodologies evolve to 

accommodate new analytical possibilities, especially through the application of computational 

tools, it may be necessary to reconsider traditional concepts in qualitative analysis, such as sam-

ple adequacy. Rather than relying solely on the conventional notion of theme saturation to 

determine sample adequacy, the concept of “information power” offers a more dynamic frame-

work. This approach posits that the more relevant information a sample holds for the study aim, 

the fewer participants are needed, which remains pertinent even as computational tools enable 

the analysis of larger datasets (Malterud et al., 2016).  

Recent guidance advocates for treating LLMs as additional coders within a team-based 

framework, emphasizing reflexive discussion and comparison over purely statistical measures 

of inter-coder reliability (Nicmanis & Spurrier, 2025). In this light, the outputs of LLMs used 

for qualitative coding are subject to a similar level of scrutiny as that of human coders, main-

taining the discursive processes that characterize rigorous qualitative research. 

Innovative strategies further point to the potential for using human-AI hybrid approaches for 

qualitative data analysis. For example, using LLMs to generate counterarguments or challenge 

emerging themes can help researchers test the robustness of their interpretations, identify gaps 

in evidence, and refine their analyses (Hayes, 2025). Used in this way, hybrid approaches to 

qualitative data analysis could help researchers become aware of their own biases in the process. 

However, when LLMs are not used in complement with a more reflexive and human-driven 
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process, hybrid approaches may be subject to hallucinations and biases built into various AI 

systems (Williams, 2024). 

1.2. METHODOLOGICAL FOUNDATIONS: FROM TRADITIONAL TO HYBRID QUALITA-

TIVE APPROACHES 

Traditional qualitative inquiry is grounded in iterative interpretation, contextual sensitivity, and 

reflexive engagement with data, where the researcher is considered a central instrument in the 

meaning-making process (Trent & Cho, 2020). Conducting thorough qualitative research that is 

assisted by computational tools requires a nuanced understanding of both its theoretical under-

pinnings and the tools that can augment human interpretive expertise. Computational tools offer 

complementary capabilities that can enhance traditional qualitative methods when properly in-

tegrated.  

Central to a collaborative human-AI research paradigm for qualitative research is the recog-

nition that different computational approaches offer distinct advantages for addressing specific 

analytical challenges. LLMs bring a unique set of strengths to qualitative research, namely, their 

capacity to summarize and label large volumes of text. Through prompt engineering, LLMs can 

generate topic summaries, suggest code labels and descriptors, and facilitate the interpretation 

of code categories, potentially augmenting human analysis and improving efficiency (Hayes, 

2025; Player et al., 2025; Stammbach et al., 2023). When used collaboratively, such as in LLM-

assisted codebook refinement or theme validation, prior research has shown that LLMs can im-

prove inter-rater reliability and conceptual clarity, especially when paired with iterative human 

review (Barany et al., 2024; Chew et al., 2023). However, the effectiveness of using LLMs to 

support qualitative analysis depends on contextually framed prompts with clear construct defi-

nitions (H. Zhang et al., 2025), particularly for complex constructs (X. Liu et al., 2025). For 

example, research involving empirical comparisons of GPT-4 and human coders has shown that 

GPT-4 can achieve higher accuracy than human coders in identifying categories of complex 

constructs like student engagement on a task (McClure et al., 2024) or varying levels of 

knowledge in a particular domain (S. Zhang et al., 2025). However, more nuanced findings 

emerge from comparative analysis, revealing that GPT-4 exhibits superior performance on de-

ductive tasks with clear codebooks and requires significant human refinement to achieve similar 

analytical depth on inductive tasks (X. Liu et al., 2025). These findings suggest that AI-assisted 

approaches can be effective but require a nuanced understanding of the coding task to ensure 

rigor. As such, the development of transparent, reflexive, and ethically grounded human-AI 

methodologies remains a critical frontier. 

However, the pursuit of computational sophistication must be balanced with analytical co-

herence and interpretability. Topic modeling is an unsupervised machine learning technique that 

identifies latent themes within a collection of documents by grouping co-occurring words into 

topics that may represent the corpus content in a coherent and simplified manner (Churchill & 

Singh, 2022). This approach may provide a balance between computational scalability and in-

terpretive clarity. Its mathematical foundations, particularly the use of probability distributions, 

enable researchers to systematically validate thematic structures and assess theme coherence 

through quantitative metrics (Blei et al., 2003; Maier et al., 2021). This structure contrasts with 

neural network-based approaches, which often function as opaque systems that limit interpreta-

bility. In contrast, topic modeling creates transparent pathways from data to analytical 

conclusions, supporting qualitative interpretation through reproducible and interpretable out-

puts. 
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A key advantage of topic modeling lies in the stability and consistency of theme identifica-

tion, which is essential for iterative analytical refinement. This stability becomes especially 

important when integrating multiple computational tools, as it ensures that increasing computa-

tional complexity enhances rather than obscures analytical clarity. Traditional qualitative 

methods rely on human interpretation to iteratively develop themes and reach theoretical satu-

ration, but this process can be undermined when AI-generated themes lack transparency. Topic 

modeling addresses this challenge by offering mathematically grounded, reproducible outputs 

that remain open to human interpretive refinement. This approach is particularly valuable in 

applied contexts such as educational research, where policy and practice decisions demand re-

liable analytical foundations and clear interpretive pathways that stakeholders can understand 

and validate. 

Despite its strengths, topic modeling is not without limitations. Traditional approaches to 

topic modeling often struggle with short texts and sentence-level semantics, which can constrain 

interpretive depth (H. Wang et al., 2023). However, recent innovations, such as BERTopic and 

dynamic topic modeling, have improved topic coherence and contextual sensitivity, expanding 

the method’s applicability (Jung et al., 2024). Even with these advances, topic modeling outputs 

require careful interpretation to ensure alignment with research questions and theoretical frame-

works (Isoaho et al., 2021). These interpretive demands of topic modeling underscore the 

continued importance of human-guided decision-making in hybrid analytical frameworks. 

While topic modeling can identify patterns that may not be apparent through manual analysis, 

its outputs only become meaningful when contextualized by domain knowledge. 

1.3. TOWARD A MODEL FOR SCALABLE AND INTERPRETABLE HUMAN-AI COLLAB-

ORATIVE QUALITATIVE ANALYSIS 

Hybrid human-AI approaches may offer new pathways for addressing the analytical demands 

of large, complex datasets while preserving the interpretive depth that defines qualitative in-

quiry. Recent methodological innovations point to the potential of integrating topic modeling 

with LLMs to create scalable and interpretable frameworks for qualitative research. Topic mod-

eling offers mathematical rigor, stability, and interpretability, while LLMs bring powerful 

natural language understanding and contextual reasoning capabilities. When integrated, these 

approaches can enhance both the stability and theoretical coherence of qualitative analysis. 

Emerging hybrid frameworks illustrate how these complementary strengths can be opera-

tionalized. For instance, LLM-in-the-loop topic modeling (LLM-ITL) refines neural topic 

models by using LLMs to improve topic alignment and coherence through optimal transport-

based alignment objectives (X. Yang et al., 2024). Similarly, PromptTopic uses LLMs to extract 

sentence-level themes, reducing the need for manual parameter tuning and enhancing topic rel-

evance (H. Wang et al., 2023). These innovations demonstrate that successful AI integration in 

qualitative research requires more than computational scale, it demands theoretical grounding 

and methodological transparency (Forbus, 2019; Hayes, 2025). 

Prior research has demonstrated that using multi-agent systems to deploy specialized LLM 

“agents” for tasks such as coding, synthesis, and refinement offers a potentially distributed ap-

proach to thematic analysis (Qiao et al., 2025; Sankaranarayanan et al., 2025; Yan et al., 2024). 

These architectures can manage large datasets while maintaining structured analytical processes, 

enabling the generation of more comprehensive thematic maps than single-system approaches. 

Topic modeling often serves as a foundational step in these pipelines, providing stable, mathe-

matically grounded theme identification before LLM-assisted refinement (De Paoli, 2024). 

When combining human judgement and oversight, this collaborative model supports analytical 
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frameworks that are scalable, interpretable, and theoretically grounded. Such workflows may 

preserve the centrality of human judgment while leveraging computational efficiency (Yan et 

al., 2024; X. Yang et al., 2024). The present study builds on these emerging frameworks by 

demonstrating a practical integration of topic modeling, LLM prompting, and human coding 

that maintains interpretability while enabling analysis at scale. Rather than evaluating this ap-

proach against alternative methods, we focus on illustrating how these tools can be 

systematically integrated to support transparent, reproducible qualitative analysis in educational 

contexts where both scale and contextual sensitivity are essential. 

1.4. QUALITATIVE ANALYSIS AT SCALE TO SUPPORT AN UNDERSTANDING OF 

CONTEXTUALLY RICH EDUCATIONAL APPROACHES  

Educational research presents complex challenges for qualitative analysis, requiring methods 

that can capture deeply contextualized knowledge of classroom environments and subject areas. 

This is particularly challenging when research aims to operate at scales that may support deci-

sions for policy and practice. Within a competency-based education (CBE) approach, assessing 

key skills exemplifies these challenges, as educators must develop reliable measures for com-

plex skills that students are likely to demonstrate in unique ways.  

Educational approaches adhering to CBE principles emphasize demonstrable mastery of 

competencies over traditional time-based progression, offering frameworks for preparing stu-

dents for post-secondary education and careers (Levine & Patrick, 2019; O. Liu et al., 2023). 

However, widespread CBE adoption faces challenges in defining and assessing complex, non-

cognitive skills in ways that are both reliable and sensitive to diverse educational contexts (Ev-

ans et al., 2020). State and district initiatives across Utah, North Carolina, and Colorado, among 

others, have emphasized skills like communication, digital literacy, and critical thinking (Atwell 

& Tucker, 2024). Developing usable assessments for these skills requires input from teachers, 

who provide critical insights into how competencies manifest in instruction and how they might 

be practically measured (Marion et al., 2020; Sturgis & Casey, 2018). This necessitates large-

scale data collection, yet traditional analytical approaches may be insufficient for the scale and 

complexity of the analytical task. Such deeply contextualized circumstances surrounding CBE 

assessment pose a challenge that offers an ideal research opportunity for developing and testing 

a hybrid methodological approach that maintains interpretability while increasing analytical 

scale. 

Central to this methodological challenge is the nature of teacher professional knowledge, 

which plays a pivotal role in shaping how competencies are interpreted, taught, and assessed in 

practice. Teachers’ knowledge comprises explicit pedagogical theories, tacit experiential in-

sights, and context-sensitive adaptations developed through practice (Elliott et al., 2011; 

Männikkö & Husu, 2019). This multifaceted nature of competencies presents analytical chal-

lenges that purely computational or decontextualized methods struggle to address. For instance, 

the persistent difficulty in evaluating competencies central to CBE highlights the limitations of 

such approaches (Evans et al., 2020). Thus, understanding contextually rich insights that are 

rooted in teachers’ expertise requires methodologies capable of capturing both the explicit and 

tacit dimensions of professional knowledge, including the situated, intuitive, and often unartic-

ulated aspects that guide instructional decision-making in real time. 

Large-scale data collection in educational research introduces significant methodological 

challenges, particularly in balancing analytical scale with interpretive depth. As noted previ-

ously, traditional manual coding methods offer rich, context-sensitive insights but are time-

consuming and subject to interpretive variability, which limits their scalability in studies of 
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teacher perspectives and instructional practice (Dai et al., 2023). Conversely, purely computa-

tional approaches, such as topic modeling, often sacrifice the contextual nuance essential for 

educational applications (Hayes, 2025), especially given approaches such as CBE, where mean-

ing is deeply embedded in practice. This methodological tension underscores the need for hybrid 

approaches that can preserve interpretability while enabling large-scale analysis. 

Recent systematic reviews and empirical studies have documented the growing use of LLMs 

in qualitative educational research. These models have been applied to tasks such as transcrip-

tion, thematic coding, and pattern recognition, offering efficiency gains and new interpretive 

possibilities (Xing et al., 2025). However, prior research also highlights critical limitations, in-

cluding inconsistent reporting standards, limited validation of AI-generated findings, and a lack 

of research on LLM use in resource-constrained educational settings. These gaps point to the 

need for methodological frameworks that are both theoretically grounded and practically feasi-

ble, particularly in highly contextualized domains like CBE. The goal then of creating such a 

methodological framework is to ensure it is simultaneously more capable and more interpretable 

than either purely human or purely computational approaches (Singh et al., 2024). This frame-

work may enable researchers to analyze teacher perspectives at a scale that captures regional 

and disciplinary variation, while preserving the contextual nuance essential for understanding 

how competencies are demonstrated by students differently across classroom settings. 

2. RESEARCH AIMS 

The purpose of the investigation described in subsequent sections is to develop a multi-stage 

analytical framework that integrates grounded human coding, machine learning-based topic 

modeling, and LLM prompt engineering to support qualitative analysis at scale. The methodo-

logical aim is to demonstrate how these tools, when used iteratively, can enable scalable and 

conceptually grounded analysis of open-ended qualitative data while maintaining interpretabil-

ity and thematic stability. The proposed framework positions human decision-making as the 

theoretical anchor to ensure alignment with research constructs and interpretive goals. As de-

scribed in the previous section, topic modeling provides mathematically grounded, reproducible 

theme identification, while LLMs contribute to pattern recognition and interpretive refinement. 

This integration addresses key challenges in AI-assisted qualitative research by supporting an-

alytical transparency, stability, and systematic validation of thematic structures. 

The framework is applied to analyze teachers’ perspectives on the conceptualization and as-

sessment of key CBE skills, including communication and digital literacy, which are the focus 

of the present study. This emphasis serves two objectives: 

1. To examine how educators define, prioritize, and assess 21st-century competencies. 

2. To demonstrate how integrating topic modeling and LLM prompting within a human-in-

the-loop framework can support scalable, interpretable thematic analysis while maintain-

ing construct alignment and methodological transparency. 

In this way, the findings contribute both methodological guidance for integrating AI tools 

into qualitative workflows and substantive insights into the implementation of highly contextual 

pedagogical approaches such as CBE. The application of this framework illustrates how hybrid 

approaches can support rigorous, interpretable analysis of complex qualitative data at scale, 

while preserving the contextual richness essential to educational inquiry. 
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3. METHODS 

3.1. DATA COLLECTION 

Data were collected during the 2023–2024 school year through six semi-structured focus group 

interviews involving 13 middle and high school teachers from across the United States. Prior to 

data collection, Institutional Review Board (IRB) approval was secured. The interview protocol 

explored teachers’ experiences and insights related to the conceptualization and assessment of 

core 21st-century skills. All focus groups were held via Zoom, and each included 2-4 middle 

school or high school instructors currently teaching a variety of subjects with diverse experience 

ranging from one year to 32 years. A total of 13 teachers participated in the focus groups (see 

Table 1). 

 
Table 1: Background characteristics of teachers interviewed in the focus groups (N=13). 

Category Subcategory Counts and Per-

centages (%) 

Subject area English and Language Arts 

Foreign Languages 

Mathematics 

Natural Science 

Social Sciences 

2 (15%) 

1 (8%) 

3 (23%) 

5 (38%) 

2 (15%) 

Teaching ex-

perience 

(in years) 

0-10  

11-20  

21-30 

31+ 

2 (15%) 

4 (31%) 

3 (23%) 

4 (31%) 

Gender Female 

Male 

9 (69%) 

4 (31%) 

Region West 

Midwest 

South 

Northeast 

0  

4 (31%) 

2 (15%) 

7 (54%) 

 

During each focus group, the facilitator presented the framework followed by example as-

sessment tasks for each skill (i.e., communication, digital literacy), inviting teachers to share 

their perspectives, opinions, and experiences (see Appendix A in Supplemental Materials for 

the interview protocol). In the context of the present discussion, we focus primarily on the sec-

tions of the interview that pertain to the skills of communication and digital literacy as 

illustrative examples of our methodological approach. During these interviews, teachers pro-

vided valuable insights on the feasibility and relevance of assessing the competencies as well as 

contextual considerations for implementing them in various educational environments. 

The transcripts, which were automatically recorded using the Zoom software, were then man-

ually cleaned to correct speaker attribution and remove facilitator turns. Content was organized 

into two main sections: one focusing on skill conceptualization and the other on skill assessment. 

Each speaker’s turn was further segmented into individual sentences, which served as the unit 

of analysis for subsequent computational processing. Given the semi-structured nature of the 

interview, each conversation turn tended to focus exclusively on a particular skill. Prior to anal-

ysis, we tagged sections of the transcript with the respective skill (i.e., communication [tagged 

as “COM”], digital literacy [tagged as “DL”]) and the issue being discussed (i.e., framework, 
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assessment design). Analyses were conducted separately for each skill area with the goal of 

building an overarching coding framework across all skills. 

3.2. ANALYTIC APPROACH 

To explore teachers’ perspectives on the conceptualization and assessment of key competencies, 

this study employed a hybrid qualitative analysis framework that integrates both human-led and 

AI-assisted methods. This iterative approach allows for systematic identification, refinement, 

and synthesis of themes from complex qualitative data.  

3.2.1. Preliminary Human Coding and Codebook Development 

While topic modeling can identify latent themes, interpretation is inherently dependent on hu-

man expertise to resolve conceptual ambiguity. To ensure the interpretability of the topic 

modeling solution, we conducted an initial review of the interview transcripts, which were or-

ganized by focus group and segmented into sections concerning skill conceptualization and skill 

assessment. We used grounded theory approaches (see Glaser & Strauss, 2017) to identify high-

level thematic codes based on the goals of the study and the interview protocol. This manual 

coding process allowed the research team to synthesize common patterns and generate a struc-

tured set of codes that reflected both anticipated and emerging themes in the data (see Table 2). 

3.2.2. Topic Modeling 

We employed a multi-step topic modeling process beginning with semantic embedding. Each 

sentence was converted into a dense vector using SentenceBERT (Reimers & Gurevych, 2019). 

These sentence embeddings were then clustered using Affinity Propagation (Frey & Dueck, 

2007). We selected Affinity Propagation over k-means because it does not require pre-specify-

ing the number of clusters, allowing themes to emerge organically from the data.  

The topic modeling process resulted in two levels of clustering: specific clusters and higher-

level superclusters (H-clusters). The algorithm identified 78 first-level clusters and 32 H-clus-

ters for communication, and 79 and 32, respectively, for digital literacy. Cosine similarity was 

used as the distance metric, and sentences with a cosine similarity below 0.5 to their nearest 

neighbor were excluded as thematic outliers. This threshold was chosen to filter out sentences 

with weak semantic alignment, ensuring that only thematically coherent content was retained 

for analysis. For each cluster, we calculated a centroid vector that represented the average se-

mantic content of all sentences within that cluster. We then identified representative keywords, 

or “bestwords,” for each cluster by embedding individual words and computing their cosine 

similarity to the centroid vector using the same SentenceBERT model. The weights assigned to 

each word reflect the cosine similarity score, bounded between 0 and 1, with higher scores in-

dicating stronger representativeness. The higher-level clusters of sentences were produced by 

treating specific clusters as units, representing them with centroid vectors and then using the 

Affinity Propagation algorithm to cluster those units. Figure 1 provides a schematic of this pro-

cess, resulting in representative sentences and bestwords for each cluster. The goal of this 

process was to gather related clusters into more general thematic groups.  

For each H-cluster, we then reviewed the sentence text and bestwords for each topic to de-

termine whether they carried a distinct meaning. As a result of this process, we identified 18 H-

clusters for communication and 16 for digital literacy that did not reflect meaningful or distinct 

themes. For example, such topics often reflected the use of common phrases used in spoken 

communication, such as “What?”, “Okay,” “Right, exactly,” and “Yeah, I would agree,” that 
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are primarily used to seek clarification or convey acknowledgement rather than a distinct con-

cept. These H-clusters were dropped from the subsequent analysis, leaving 14 H-clusters 

reflecting meaningful topics for communication and 16 for digital literacy.  

 
Table 2: Human-derived preliminary themes, descriptors, and example quotes or messages. 

Theme Short Descriptor Example Quotes or Messages 

Reaction to Skills 
Frameworks 

Teachers’ initial impres-
sions of skills 

frameworks, including 
clarity, relevance, and 

applicability in class-
rooms. 

“[T]his definition makes total sense. But [...] this definition 
seems a little squishy and a little bit difficult to assess. Seeing 

some of these sub skills does make it easier, but I still feel 
pieces of it are a little more difficult to assess especially.” 

Prioritizing Certain 

Skills 

Teachers’ perspectives 

on which skills are most 
essential for students 

and why. 

“I feel like [digital literacy] might be the most important skill 

for students in the current world that they live in. They really 
need to be able to evaluate that information critically ….”  

Assessment of Skills Covers multiple sub-

themes about how skills 
are assessed, including 

teacher experience, as-
sessment features, 

equity, and challenges. 

- Experience assessing skills: Teachers reported limited expe-

rience and shared practical challenges and successes. 
- General assessment features: Effective assessments were 

seen as valid, reliable, fair, and often dynamic. 
- Skill-specific assessment features: Different skills require tai-

lored approaches (e.g., using constructed responses for certain 
skills). 

- Equity and accessibility: Assessments should be inclusive 
and avoid disadvantaging students with diverse needs. 

- Assessment challenges: Barriers included time, resources, 
and difficulty measuring complex skills. 

Unique Disciplinary 
Considerations for 

Skills Assessments 

Highlights the differ-
ences in assessing skills 

across subject areas and 

the need for discipline-
specific approaches. 

“[P]articularly in a social studies classroom, these skills are 
really critical. I think in the past 5 years we’ve shifted to em-

phasize information management and evaluation a lot more 

than early in my career, just because the kids are so inundated 
with different digital resources just in their day-to-day lives.” 

Progression of Certain 
Skills along a Contin-

uum 

Focuses on tracking stu-
dents’ skill development 

over time and how it 
varies among learners. 

“So many students […] have no clue or very little clue, and 
then others who […] talk about the bots and AI, and some of 

them, even, you know, do the coding.” 

Shifts in Social and 
Cultural Contexts Af-

fecting Skills 
Assessment 

Examines how societal, 
technological, and cul-

tural changes impact the 
value and assessment of 

skills. 

- “I feel like AI, in a sense, is almost like forcing us to go more 
that way as opposed to […] only submitting things in writing.”  

- Emphasis now on “presentation and public speaking skills.” 
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Figure 1: Schematic of the topic modeling process, including inputs and outputs. 

3.2.3. LLM prompting for topic labeling 

Once clustering was complete, we used a prompting strategy adapted from Barany et al. (2024) 

to generate topic labels and summaries (see Appendix B in Supplemental Materials). All prompt 

iterations were made by the research team. Representative sentences and bestwords (referred to 

as “keywords” in the prompt given the more common usage of the term) from each cluster were 

used to construct structured prompts for two GPT-4-based models: ChatGPT-4o (OpenAI) and 

Copilot (Microsoft). We selected two GPT-4-based models to assess consistency within the 

same model family while using commercially accessible tools. Both models were selected for 

their accessibility to educational researchers and their demonstrated capabilities in natural lan-

guage understanding tasks. Furthermore, the selection of these two LLMs reflects a deliberate 

methodological choice grounded in accessibility, consistency, and replicability in practical con-

texts. Both ChatGPT-4o and Copilot are powered by the GPT-4 architecture, which offers a 

state-of-the-art balance between language understanding capabilities and widespread availabil-

ity for educational researchers. While both models share the same underlying architecture, they 

differ in their implementation and interface, allowing us to assess the consistency of outputs 

across two commercially accessible GPT-4-based systems. This choice prioritizes practical rep-

licability: researchers in educational settings can access these tools without specialized 

infrastructure or computational resources. Recent findings suggest that when paired with strate-

gic prompt engineering and human-in-the-loop refinement, GPT-4-based models can produce 

interpretable and analytically robust outputs suitable for qualitative research applications (Zhao 

et al., 2023). By using two implementations of the same model family, we aimed to evaluate the 

stability of LLM-generated labels while maintaining a methodological approach that other edu-

cational researchers can readily adopt. 

The objective of this step was to apply LLMs to generate concise, interpretable topic labels 

that could be compared with human-generated codes. As emphasized by X. Liu et al. (2025), 

the accuracy of LLM-generated labels improves when constructs are clearly defined and con-

textualized within the prompts. Outputs from both models were evaluated for semantic 
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consistency and minimal variation was observed, suggesting some stability in the LLM-based 

summaries. 

3.2.4. LLM configuration and quality assurance 

To ensure replicability and transparency, we documented information about the specific config-

urations and procedures used in the LLM-assisted topic labeling process. Two GPT-4-based 

models were employed: ChatGPT-4o (OpenAI, accessed October 2023–January 2024) and Co-

pilot (Microsoft, powered by GPT-4, accessed during the same period). The default 

commercially available settings were used for both models and are shown in Table 3. 

 
Table 3: Default model parameters. 

Parameter 
ChatGPT-4o  

(OpenAI API) 

Copilot (Microsoft 

Web Interface) 
Notes 

Temperature 1 
~1.0 

(platform-managed) 

Balances deterministic and creative outputs; 

moderate randomness. 

Top-p 1 1 
Inclusive sampling; considers full token proba-

bility distribution. 
Frequency Penalty 0 0 No discouragement for repeated token usage. 

Presence Penalty 0 0 No bias against new vs. existing content. 

Max Tokens (out-

put) 
Up to 16,384 

~4,096  

(typical Azure  
default) 

ChatGPT-4o supports longer responses;  

Copilot limits are managed internally and may 
vary by deployment. 

 

To evaluate the consistency of LLM-generated labels, we compared outputs from ChatGPT-

4o and Copilot for all clusters. Of the labels for the H-clusters analyzed, 33.3% (7 out of 21) 

received identical labels from both models for communication and 43.8% (7 out of 16) for dig-

ital literacy. Cosine similarity scores were computed using the same SentenceBERT model 

mentioned previously to assess semantic alignment between labels and descriptors assigned by 

each LLM relative to the other. Findings showed strong semantic alignment between models. 

For communication clusters, the average cosine similarity between the labels assigned by each 

LLM was 0.835 and for each description the average was 0.827. For digital literacy clusters, 

label similarity averaged 0.848, and the average similarity for descriptions was 0.880. These 

findings suggest strong similarity overall between the labels and descriptions assigned by each 

model. Of those that differed, there generally appeared to be minor variations in phrasing, but 

the core meaning was otherwise preserved (see Tables S2 and S3 in Supplemental Materials). 

All LLM-generated labels were further reviewed by the research team for accuracy, relevance, 

and alignment with the underlying sentence examples and bestwords. No clear instances of hal-

lucination (i.e., fabricated content not grounded in the data) were observed.  

3.2.5. Mapping of Human-Derived Themes and Data-Derived Codes for Further Re-
finement 

The final step involved integrating the themes derived from human coding (Version 1) with 

codes generated through topic modeling, resulting in a refined and more comprehensive code-

book (Version 2). Using additional LLM prompts (see Appendix B), we mapped the human-

derived codebook onto the data-derived clusters, which reflected the results of a latent Dirichlet 

allocation (LDA) topic modeling analysis that produced words and sentence examples most 

representative of the key topics identified. Through this mapping process, we attempted to eval-

uate the alignment, overlap, and divergence between the two approaches.  
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The transition from Version 1 to Version 2 of the codebook represents a shift from an ex-

ploratory to a more structured and analytic approach to qualitative coding (see Table S1 in 

Supplemental Materials). Version 1 was developed early in the research process, based on initial 

impressions and preliminary review of teacher focus group transcripts. Following the topic mod-

eling and LLM-prompting approach described above, topics that emerged were then integrated 

into the codebook to provide greater clarity, consistency, and codability. Codes were refined to 

reflect clearer distinctions between themes, and language was updated to be more specific and 

actionable. For example, general terms like “definitions” were expanded to include more precise 

questions, such as what components should be included in a skills framework. Subcategories 

were added to capture finer-grained differences, such as separating prioritization of whole skills 

from subskill prioritization. In addition, new categories such as “teaching” were introduced to 

reflect themes that emerged more strongly in the data. 

Redundant or overlapping codes were combined or restructured for clarity. Specific exam-

ples included in Version 1 were removed from the main list in Version 2 to support 

generalizability. Contextual dimensions of the data, such as social, political, or historical con-

siderations, were made more explicit in Version 2. Figure 2 illustrates this process. This 

iterative, human-in-the-loop strategy is supported by recent research showing that hybrid meth-

ods lead to more valid and interpretable codebooks (Barany et al., 2024; Dai et al., 2023). 

 

Figure 2: Schematic of the process for integrating insights from topic modeling and LLM topic 

labeling into the revised thematic codes. 

4. RESULTS 

As previously noted, we focus our results on the findings in relation to the skills of communi-

cation and digital literacy. Tables S2 and S3 in Supplemental Materials provide more 

information about each of the topics that were grouped in H-clusters, reflecting the respective 

parts of the interviews pertaining to each skill. We chose only topics that were grouped into H-

clusters, given that any specific first-level clusters that were not gathered into H-clusters can be 

considered as thematic outliers. In this section, we present an analysis of the major themes that 

emerged with respect to the two competencies, aligned with the refined coding framework. 
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4.1. SKILLS FRAMEWORKS 

Teachers emphasized that both communication and digital literacy require clear definitions and 

must be framed in ways that are pedagogically and contextually relevant. For communication, 

the concept was described as inherently multimodal, encompassing speaking, listening, writing, 

and presenting (Topic COM3; see Table S2 in Supplemental Materials). Teachers expressed 

concerns about vague or “squishy” frameworks, calling for clearer delineations and concrete 

examples (COM13). Audience awareness and social-emotional dimensions were also noted as 

integral to the definition (COM26, COM11).  

For digital literacy, teachers stressed the importance of framing it as a fluid skill, shaped by 

the rapid evolution of digital tools. They highlighted the value of information evaluation, digital 

citizenship, as well as other skills such as critical thinking (Topics DL1, DL11, DL17; see Table 

S3 in Supplemental Materials). Definitions often emphasized the ability to manage, interpret, 

and ethically engage with digital information in everyday contexts. 

Across both domains, educators consistently prioritized these skills as essential for student 

success. Communication was framed as foundational across grade levels and subject areas, with 

specific attention given to active listening and the ability to adapt communication strategies for 

different contexts (COM14, COM7, COM4). Digital literacy was similarly viewed as an essen-

tial skill, especially in an age of misinformation and AI-generated content (DL5, DL18). 

Teachers referenced the urgency of equipping students to navigate digital environments criti-

cally and responsibly. 

4.2. ASSESSMENT 

Teachers shared various assessment strategies, often describing both innovative and conven-

tional formats. In terms of the skill of communication, assessment formats ranged from script 

writing and oral presentations to comparative evaluations of sample tasks (COM21, COM29). 

Teachers noted the value of assessing communication through authentic, contextualized activi-

ties. For digital literacy, teachers discussed video-based assessments, task comparisons, and 

performance-based evaluation tools (DL11, DL13, DL16). Teachers emphasized the importance 

of clear task instructions, with attention to digital tools that align with classroom realities. 

Despite enthusiasm for assessment, teachers voiced concerns about validity, subjectivity, and 

feasibility. Communication posed challenges due to the nuanced, contextual, and interpersonal 

nature of the skill. Teachers noted the difficulty of assessing subtleties such as tone, audience 

alignment, or emotional intelligence in standardized formats (COM16). Similarly, digital liter-

acy assessments were described as difficult to design in ways that capture critical reasoning and 

ethical use of digital tools (DL15, DL3). Teachers questioned how to ensure that assessments 

reflect real-world digital practices, especially when students vary widely in digital fluency. 

Educators provided both positive and critical reflections on their experience assessing each 

skill. In communication, some teachers shared success stories with student engagement in 

presentations and collaborative work (COM12, COM6). Others reflected on efforts to refine 

rubrics or observation strategies to better capture communication growth. For digital literacy, 

teachers described designing authentic performance tasks that aligned with classroom instruc-

tion (DL9, DL7). They noted that assessing digital literacy worked best when embedded into 

content-based learning, such as research projects or digital source analysis. 
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4.3. VARIATION IN INSTRUCTION, SKILL DEVELOPMENT, AND CONTEXTS  

Instructional strategies were varied, but teachers described both competencies as deeply inte-

grated into daily teaching. For communication, teachers referenced discipline-specific 

expectations, especially in STEM vs. humanities classrooms (COM5). Activities like presenta-

tions and collaborative discussions were common (COM8). Digital literacy was often taught 

through project-based and inquiry-driven instruction (DL2, DL24), with some content-specific 

adaptations (e.g., in social studies classes, DL6). Teachers emphasized that digital skills were 

most effectively taught in tandem with content-based tasks. 

Teachers also noted significant variability in student skill development, often highlighting 

gaps and growth areas. In communication, students struggled particularly with oral communi-

cation, confidence, and audience engagement, while thriving with structured activities like script 

writing and video creation (COM9, COM18). In digital literacy, student skill levels ranged from 

advanced to underdeveloped. Teachers observed strong engagement with tools but weaker per-

formance in evaluating sources or understanding digital ethics (DL9). They emphasized the need 

for repeated practice and feedback to foster progress. 

In addition, teachers underscored how both competencies are shaped by broader contextual 

factors such as school culture, social norms, and technological shifts. Communication was 

framed within modern digital environments, with teachers noting students’ heavy use of texting 

and social media as both a barrier and a resource for instruction (COM17, COM22). Teachers 

also emphasized the importance of teaching social and ethical norms (COM4). In digital literacy, 

the rapid rise of AI tools, increasing school diversity, and evolving media landscapes were cited 

as key challenges (DL18, DL19). Teachers expressed concern that curricula often lag behind 

technological change, underscoring the importance of adaptability. 

5. DISCUSSION 

This study introduces and demonstrates a hybrid, human-in-the-loop framework that integrates 

topic modeling, LLM prompting, and human coding to support scalable and interpretable qual-

itative analysis. By applying this framework to focus-group interviews with teachers, we 

illustrate its capacity to surface nuanced insights into how educators conceptualize and assess 

communication and digital literacy within CBE contexts. The findings underscore the value of 

systematically combining computational tools with human interpretive depth, offering a meth-

odological contribution that may help to address the challenge of maintaining both analytical 

scale and contextual rigor.  

Our findings suggest that teachers consistently framed communication and digital literacy as 

foundational competencies for student success, echoing broader calls for 21st-century skills in-

tegration in education (Levine & Patrick, 2019; O. Liu et al., 2023). Communication was 

described as inherently multimodal, encompassing speaking, listening, writing, and presenting, 

with a strong emphasis on audience awareness and social-emotional dimensions (see COM3, 

COM14, COM26). These findings align with Morreale et al. (2024), who emphasize the im-

portance of instructional communication competence and social presence in digital learning 

environments. Teachers’ emphasis on ethical interaction and audience adaptation reinforces the 

need for assessments that capture these complex, relational dimensions of communication. 

Digital literacy, in turn, was characterized as a dynamic skill set involving critical evaluation 

of information, ethical digital citizenship, and adaptability to emerging technologies (DL1, DL5, 

DL17). This characterization of the skill aligns with a growing recognition of the need for AI 

literacy curricula that prepare students for a rapidly evolving digital landscape without 
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undermining the opportunity to develop essential competencies (Wang & Lester, 2023). Teach-

ers in this study echoed this urgency, highlighting the need for assessments that reflect real-

world digital practices and support students in navigating AI-infused environments. 

Despite recognizing the importance of these skills, teachers expressed concern about the fea-

sibility and validity of assessing them. Challenges included capturing interpersonal nuance, 

evaluating digital ethics, and ensuring equity across diverse student populations (COM16, 

DL15, DL3). These concerns mirror longstanding difficulties in assessing non-cognitive skills, 

as documented by Merchant et al. (2018), who found substantial variability in how such skills 

are defined and reported across Canadian provinces. Similarly, Cheng and Zamarro (2018) 

demonstrated that teacher non-cognitive traits, such as conscientiousness, are predictive of stu-

dent outcomes yet are often overlooked in traditional measures of teacher quality. The current 

study builds on this work by showing how teacher perspectives can be systematically analyzed 

to inform the design of more valid and context-sensitive assessments. 

Teachers also described embedding these competencies into instruction through project-

based learning and inquiry-driven tasks, while noting wide variability in student proficiency, 

particularly in oral communication and digital evaluation (COM6, COM18, DL2, DL24). These 

findings align with Hall and Trespalacios (2019), who found that personalized professional 

learning significantly improved teachers’ self-efficacy in integrating technology into instruc-

tion. This study also revealed patterns of disciplinary variation in communication assessment 

(COM5) that might not emerge from smaller samples. For instance, STEM teachers emphasized 

technical precision while humanities teachers prioritized audience adaptation, insights that in-

form the need for discipline-specific assessment rubrics within CBE frameworks. The present 

study extends this insight by illustrating how hybrid analytic tools could support professional 

learning communities in reflecting on instructional strategies and assessment practices. 

5.1. LIMITATIONS AND FUTURE DIRECTIONS 

Several limitations of the study warrant consideration. First, while topic modeling offers a stable 

foundation for theme identification, its outputs are sensitive to parameter tuning and may strug-

gle with short or ambiguous text segments. Similarly, LLM-generated labels, though efficient, 

are subject to variability and may reflect anchoring biases or model-specific artifacts (Blackwell 

et al., 2024). The use of two closely related LLMs (ChatGPT-4o and Copilot) may also limit the 

diversity of interpretive perspectives. Future work should explore the use of alternative archi-

tectures, confidence scoring, and prompt variation to enhance robustness and reduce 

redundancy. 

Second, while the human-in-the-loop design mitigates some risks of hallucination and misa-

lignment, it does not eliminate them. The interpretive process still relies on the researcher’s 

judgment to validate and refine outputs, which introduces subjectivity. Additionally, the sample 

was limited to 13 teachers, who were predominantly from the Northeast U.S. (54%) and female 

(69%). Expanding the participant pool to include a broader range of educators would strengthen 

the framework’s applicability. Future research should further test this framework across diverse 

educational contexts and content areas, including other complex competencies such as perse-

verance and critical thinking.  

Finally, our study design does not include comparative conditions (human-only or AI-only 

coding) necessary to empirically evaluate whether the hybrid approach outperforms alternatives. 

While we demonstrate the framework’s application, claims about improvement relative to other 

methods remain conceptual rather than empirically validated in this study. In addition, research-

ers’ conceptual understanding, with and without LLM assistance, was noted through discussion 
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only, and therefore, it is speculative. Future studies should build on this demonstration by con-

ducting systematic comparisons across different analytical approaches (human-only, AI-only, 

and various hybrid configurations), measuring efficiency and validity outcomes, and testing the 

framework’s applicability across diverse educational contexts and research questions. Such 

comparative work will be essential for establishing evidence-based guidelines for when and how 

to integrate AI tools into qualitative educational research. 

5.2. IMPLICATIONS 

Despite these noted limitations, this study makes several specific contributions to the emerging 

literature on AI-augmented qualitative research, while also acknowledging the boundaries of 

what can be claimed without comparative experimental design. This study may also contribute 

to the growing body of research on AI-augmented methods for qualitative data analysis by 

demonstrating how topic modeling and LLMs can be used in tandem to support rigorous, scal-

able, and interpretable thematic analysis. We empirically demonstrated an approach to integrate 

three distinct analytical approaches, grounded human coding, probabilistic topic modeling, and 

leveraging LLM-assisted labeling, while maintaining thematic stability and construct alignment 

throughout the analytical process.  

Topic modeling provided a foundation for identifying latent themes (Maier et al., 2021), 

while LLM prompting facilitated the generation of concise, interpretable topic labels (Barany et 

al., 2024; Chew et al., 2023). Human oversight remained essential throughout, ensuring contex-

tual alignment and mitigating risks of hallucination or conceptual drift (Nicmanis & Spurrier, 

2025; Than et al., 2025). The transition from Codebook Version 1 (preliminary human-derived 

themes) to Version 2 (refined through integration with topic modeling outputs) illustrates how 

computational tools can support systematic codebook refinement. Specifically, the topic mod-

eling process identified thematic clusters that were not explicitly represented in the initial human 

coding, leading to the addition of codes. Conversely, some preliminary codes were consolidated 

or refined based on the semantic clustering patterns, resulting in clearer construct boundaries 

and more actionable code definitions (see Table S1 in Supplemental Materials).  

Beyond these methodological contributions, this study offers substantive insights into how 

educators conceptualize and assess complex competencies within CBE frameworks, insights 

that may have direct implications for assessment design, professional development, and policy 

implementation. The framework, and the flexibility it affords, is itself a potential contribution 

to future research. Teachers consistently identified tensions between the complexity of these 

competencies and the feasibility of assessing them in standardized formats (COM16, DL15). 

The framework’s capacity to systematically analyze these concerns across multiple focus groups 

revealed that educators value assessments that are authentic, embedded in content-based tasks, 

and sensitive to developmental progression. These findings suggest that CBE assessment sys-

tems should prioritize performance-based measures that capture competencies as they manifest 

in real instructional contexts, rather than relying solely on decontextualized standardized tasks. 

There is also potential to integrate the framework with adaptive learning systems or personalized 

instruction platforms, enabling real-time feedback loops between qualitative insights and in-

structional design. Institutional policies and training programs are also needed to support 

responsible and ethical use of AI in qualitative research, particularly in education, where inter-

pretive integrity is paramount. 

Several themes that emerged regarding instructional strategies and student skill development 

(COM8, DL2, DL24) point to opportunities for targeted professional learning. Teachers ex-

pressed both confidence in embedding these competencies into daily instruction and uncertainty 
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about how to assess them reliably. Professional development initiatives could leverage the in-

sights generated through this framework to create a shared understanding of competency 

definitions, develop discipline-specific assessment rubrics, and build communities of practice 

around evidence-based assessment strategies. The hybrid analytical approach demonstrated here 

could be applied iteratively to analyze teacher reflections and refine professional learning re-

sources based on emerging needs. While applied here to understand perspectives for 

implementing CBE, it may be extended to other domains where rich and deeply contextualized 

phenomena may be explored through qualitative data analysis. 

The concerns expressed by teachers about equity, accessibility, and the rapid evolution of 

digital tools (DL18, DL19) underscore the need for policy frameworks that support adaptive, 

context-sensitive implementation of CBE. The scale of analysis enabled by this framework 

makes it feasible to gather and synthesize teacher perspectives across diverse educational set-

tings, informing state and district policies. As CBE initiatives continue to expand, systematic 

analysis of educator input at a scale that captures regional, demographic, and disciplinary vari-

ation will be essential for developing assessment systems that are both rigorous and equitable. 

5.3. CONCLUSION 

In the present study, we demonstrate a hybrid human-AI framework that supports rigorous, scal-

able, and interpretable qualitative research in education. By systematically integrating topic 

modeling, LLM prompting, and human coding, the framework offers a replicable method for 

analyzing complex qualitative data while preserving the contextual richness and theoretical 

grounding essential to educational inquiry. The application to teacher perspectives on CBE skills 

illustrates how this approach maintains thematic stability, construct alignment, and methodo-

logical transparency across the analytical process. Within the context of CBE, where skills like 

communication and digital literacy are both essential and difficult to assess, this approach pro-

vides a pathway for systematically incorporating teacher voice into assessment design. More 

broadly, it contributes to the evolving landscape of qualitative methodology by showing how 

computational tools can augment, rather than replace, human interpretation, judgement, and de-

cision-making. As educational systems continue to grapple with the demands of scale, equity, 

and complexity, hybrid frameworks such as this one offer a promising direction for future re-

search and practice. 

6. SUPPLEMENTAL MATERIAL 

Supplemental materials, including tables, referenced in this manuscript are available in the Open 

Science Framework repository here: https://doi.org/10.17605/osf.io/4q6w8. Data are available 

upon reasonable request. 

USE OF GENERATIVE AI 

This study employed ChatGPT-4o (OpenAI) and Copilot (Microsoft) for topic labeling as de-

scribed in Section 3.1.3. ChatGPT-4o was also used to assist with refining prompt wording, 

under direct human supervision and review. All prompts are provided in Appendix B (see Sup-

plemental Materials). Generative AI was not used in manuscript writing, prompt development, 

or initial human coding. 
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