
Using Large Language Models for Qualitative Coding of Structured Data on Post COVID 
Research Based Instructional Strategies 

 
Jacob Lineberry Estrella Johnson Naneh Apkarian 
Virginia Tech Virginia Tech San Diego State University 

 
In the spring of 2025, introductory Physics, Calculus, and Chemistry instructors were surveyed 
about their usage of active learning techniques and use of Research Based Instructional 
Strategies. Using open-source large language models running on consumer hardware, responses 
to open ended survey items data were analyzed to better understand the usage of specific 
strategies during and after the Pandemic Response Teaching period resulting from the COVID-
19 pandemic, as well as for reasons how and why instructors adopted, maintained, or stopped 
RBIS. While the large language models were able to apply qualitative codes to the data, their 
effectiveness was significantly varied based on the dataset, initial prompt, large language model 
used, code specificity, and code prevalence. 
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In 2025, we conducted a national survey of instructors of undergraduate chemistry, 

mathematics, and physics courses. The timing and selection of instructors were designed to 
understand if there were any lasting changes to how these courses are taught following the 
COVID-19 pandemic. In part, this survey asked instructors of first year Calculus, Chemistry, and 
Physics about their awareness and use of research based instructional strategies (RBIS), while 
providing an opportunity for respondents to explain how and why they use (or do not use) RBIS. 
The nature of this data offered us information into instructional trends and provided an 
opportunity to experiment with large language models in qualitative analysis. 

AI, particularly in the form of large language models (LLMs), has become more common 
and powerful. Within education research, these tools have been applied to various forms of 
qualitative analysis, with varied success. However, their use has raised important questions about 
the nature of qualitative research, privacy, bias, and transparency. We attempted to address 
several of these questions by using an open source, locally run LLM to complete the first two 
steps of Braun and Clarke’s (2012) thematic analysis with a graduate student researcher. 

Here, we address two research questions. First, to what extent, and why, are instructors in 
first year STEM courses using, or shifting away from RBIS following the Pandemic Response 
Teaching (PRT) period? Second, to what extent can an open-source, locally hosted LLM 
effectively code a highly structured dataset using Braun and Clarke’s thematic analysis? 

Background Literature and Perspective 
By comparing survey responses from a 2019 survey and this one from 2025, Apkarian & 

Johnson (2026) investigated the extent to which use of class-time and instructional practices 
changed following the COVID-19 pandemic. Analysis of that quantitative data revealed, overall, 
no significant changes in reports of how class time is spent with regards to listening to the 
instructor lecture or solve problems, working individually, working in small groups, and 
engaging in whole class discussion. Additionally, while there was increased usage of online 
office hours, supplemental videos, and recorded lectures, starting during PRT and continuing 
afterward, there were no major shifts to in-class instructional practices (e.g., think pair share, 
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clickers). Our analysis here of the open-ended survey response data seeks to provide additional 
nuance to the quantitative analysis completed by Apkarian & Johnson (2026). 

Traditionally, analyzing open ended survey responses is carried out with any variety of 
qualitative analysis methods by an individual or a team. For example, thematic analysis, as 
developed by Braun and Clarke (2012), prioritizes six key steps, with each working towards 
identifying overarching themes across a dataset. By carrying out these steps, researchers can 
identify broader patterns key to understanding how, when, and why instructors prioritize and 
implement RBIS. That thematic analysis is a well-defined, commonly used approach to 
analyzing a well-structured dataset makes it both a practical choice for researchers and 
potentially a good fit for data analysis carried out by LLMs. 

The robust and diverse capabilities of LLMs makes them increasingly more prevalent, 
including in qualitative research. Researchers have long used stochastic models for natural 
language processing (Chen at al., 2018; Gamieldien et al., 2023; Li et al., 2021; Rietz et al., 
2021). While use of LLMs in qualitative research is still new, work on applying them within new 
methodologies and frameworks is growing rapidly (Naeem et al., 2018; Naeem et al., 2023; Xiao 
et al., 2023; Zhang et al., 2025). However, qualitative researchers have shown reasonable 
skepticism about their use. Some studies indicate researchers are generally concerned about 
hallucinations (when a model invents data and “facts”), data privacy, transparency, and 
explainability (Schroeder et al., 2025; Feuston & Brubaker, 2021; Springer & Whittaker, 2020; 
Zhang et al., 2025). Furthermore, results are generally mixed in using large language models for 
qualitative research. Many studies find significant variation in performance based on prompts 
used (Wang et al., 2024; Zamfirescu-Pereira et al. 2023), inductive or deductive methods (Bijker 
et al., 2024; Siiman et al., 2023), and researcher knowledge of LLMs (Chen et al., 2018; 
Zamfirescu-Pereira et al, 2023; Zhang et al., 2025). 

Even with these challenges, LLMs can be a powerful resource. Many highlight the potential 
for LLMs to serve as an additional coder, where a human researcher and LLM each code the data 
and compare (Bijker et al., 2024). Other uses include academic writing (Tu et al., 2024), 
developing a codebook (Bijker et al., 2024), coding data (Marathe & Toyama, 2018; Tai et al., 
2024), identifying themes (Castellanos et al., 2025), and supporting new researchers in 
developing qualitative analysis skills (Gao et al., 2024). In addition, several processes have been 
developed for using LLMs, usually ChatGPT, for qualitative analysis, like thematic analysis (Dai 
et al., 2023; De Paoli, 2024; Naeem et al., 2018; Naeem et al., 2023; Zhang et al., 2025). 

Methods 
The 2025 survey was sent to roughly 17,000 names, the same roster that was used for the 

2019 survey. The goal was to capture those who taught before and after the pandemic-induced 
disruption from 2020-2023. To be eligible, instructors must have taught one of the target 
introductory courses in the 2023-24 and/or 2024-25 academic year. In total, 933 participants 
provided usable responses to our survey: 339 chemistry (99 new; 240 repeaters), 279 
mathematics (112 new; 167 repeaters), and 315 physics (86 new; 229 repeaters) instructors. 
Included in the 2025 survey were the following free response questions: 

1. What, if any, instructional practices did you start using during the pandemic response 
period (roughly March 2020-June 2022), that you had not used previously? Include 
anything that you tried, even if you did not maintain that practice throughout or 
afterward. 

2. Of the instructional practices you mentioned in the previous question, which (if any) 
do you continue to use? 
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3. You may use the space below to add any additional comments about your experiences 
during the pandemic response period, if you wish. 

4. You may use the space below for any additional comments about the context and 
climate of your department, if you wish. 

Anonymized data was stored in a Google Sheet. Of the 933 participants, a random sample of 
450 were selected to have their responses coded manually by a human coder (the first author). 
Instructor responses were considered holistically, even if answers to any of the four questions 
above were missing. Then, the data was coded using three different large language models: 
Gemma3:12b, Qwen3:14b, and Deepseek-R1:14b. The large language models were run locally 
using the Python programming language and the Ollama software package. All models were run 
on the researcher’s consumer desktop with an AMD RX 6900 XT GPU. Each model was run 
using default Ollama settings, and data was input as 30 sample chunks to ensure the context 
window of each model was not exceeded. The prompt used was carefully designed using 
common prompt engineering techniques outlined in the literature and was revised 3 times before 
the final implementation. The prompt carefully defines the role of the LLM, explains the task in 
multiple ways, and provides an output template. However, the authors specifically did not 
extensively tune the initial prompt or implement specific techniques to improve performance. 

Each run of the models output a text file consisting of codes for each row of data. This text 
file was then converted to a CSV using Python. This conversion expected consistent output from 
the LLMs and is likely undercounting codes from the models. If the model provided a 
synonymous code, instead of a code from the codebook, we would not count that towards our 
results. Afterwards, Cohen’s Kappa and Krippendorff’s Alpha were calculated using Python for 
each run, and an average for each model was calculated for each code. After this programming 
pipeline was created, we revised our initial prompt to better understand why instructors 
implemented, maintained, or moved away from RBIS in their instruction. This prompt used a 
“oneshot” technique, providing examples and non-examples for how the data should be coded. 
Only the LLMs coded the dataset for this research question and analysis is still ongoing. 

Results and Discussion 
Each LLM coded the entire dataset, while the first author only coded a random sample of 

responses from 450 instructors. We present the percentage of rows coded with each code in table 
1. Each LLM coded the data 3 times, and an average for each code is reported. Since each row of 
data could have more than one code, the total percent frequency adds to more than 100%. 

 
Table 1. Percent frequency of each code by “coder” 

Code Deepseek-R1 Qwen3 Gemma3 Human 
Adapted existing strategies 
to Pandemic 

14.29% 21.33% 40.09% 1.33% 

Alternative Exams 1.61% 3.00% 3.47% 2.67% 
Did not use RBIS 0.75% 1.46% 0.43% 0.22% 
Experimented 1.57% 2.57% 15.18% 0.22% 
Flipped 11.08% 10.86% 9.54% 8.22% 
Group Work 17.97% 20.40% 19.08% 9.11% 
Increase in tech use 14.22% 20.04% 9.50% 5.11% 
Inquiry/Modeling 6.72% 4.86% 3.14% 1.11% 
Lab Kits 1.04% 0.54% 1.32% 0.89% 
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Learning Assistants/Peer to 
Peer Teaching 

0.82% 2.57% 1.68% 1.33% 

None 15.93% 31.80% 30.01% 17.11% 
Online Assignments 5.72% 8.54% 18.65% 7.56% 
Online discussion tools 1.04% 2.64% 7.18% 1.78% 
Online Exams/Proctoring 3.39% 6.47% 8.40% 7.78% 
Online Lecture 8.82% 9.97% 24.01% 12.22% 
Online Office Hours 4.22% 8.29% 9.72% 8.89% 
Online simulations 2.00% 6.15% 6.36% 7.56% 
Polling/Clicker 6.29% 5.93% 7.43% 4.44% 
Posting resources online 1.04% 6.04% 10.97% 5.78% 
Recording/Posting Videos 23.94% 25.76% 27.05% 26.22% 
Reflection/Exam Wrappers 1.04% 0.39% 2.29% 0.44% 
Used new RBIS 5.79% 1.54% 0.32% 0.00% 

 
We calculated Cohen’s Kappa and Krippendorff’s Alpha for each of the codes, comparing 

the interrater reliability between each LLM and the human coder (Table 2). While the averages 
for Kappa and Alpha were between 0.27 and 0.47, we see significant differences in interrater 
reliability between various codes and across models. Qwen3 had the highest interrater reliability, 
while Deepseek-R1 had the lowest. Furthermore, we see a significant range in potential Kappa 
and Alpha values. For example, when using Qwen3, the codes Online Office Hours and 
Recording/Posting Videos had a Kappa and Alpha value above 0.815, while the codes 
Experimented and Did Not Use RBIS had a Kappa and Alpha value of approximately 0. 

 
Table 2. Average Cohen’s Kappa and Krippendorff’s Alpha for each LLM across three runs 

Model Kappa Alpha 
Deepseek-R1 0.285 0.278 
Qwen3 0.463 0.454 
Gemma3 0.363 0.344 

 
The prevalence of “online” codes aligns with instructors of these introductory courses 

transitioning from in-person lecture to Zoom. Additionally, we see fewer codes related to the 
instructional features of the class, such as “group work,” “flipped,” “polling/clicker,” and 
“learning assistants/peer to peer teaching” than for “recording/posting videos.” These relative 
prevalence indicators broadly match the quantitative analysis from Apkarian & Johnson (2026).  

The AI framework developed was meant to be a proof of concept, involving as little 
programming or AI specific knowledge as possible. This simplicity, coupled with less than 
perfect human coding (i.e., data was first coded by a graduate student new to qualitative analysis 
with no second coder, the initial codebook was quite large) could have resulted in specific 
struggles for the LLM to code the data. However, overall, the models did relatively well with 
those codes used frequently by the human coder. When removing codes that were used fewer 
than 10 times by the first author, we find Kappa increased to 0.362, 0.576, and 0.508 for 
Deepseek, Qwen, and Gemma respectively. In addition to challenges around infrequently used 
codes, the LLMs struggled to apply the code “None.” The “None” code was used relatively 
frequently by the human coder, 77 times, but was consistently the worst for Kappa and Alpha. 
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While the interrater agreement between a human coder and the LLMs used varied greatly in the 
first two phases of Braun and Clarke’s Thematic Analysis, our data and learnings suggest, with 
software and hardware adjustments and technological improvements, open source, locally hosted 
LLMs can provide valuable support to a qualitative researcher and should be further explored. 

Conclusions 
We are not arguing for a total reliance on AI or LLMs for qualitative research (Christou, 

2023), especially given our interrater reliability results. However, to completely avoid LLMs is 
likely misguided. Qualitative research has used stochastic tools (Tausczik & Pennebaker, 2010), 
natural language processing (Bryda & Sadowski, 2024; Gamieldien et al., 2023), and digital 
tools (MaxQDA, nVivo, etc.) for a long time now. However, LLMs raise questions about bias, 
accuracy, transparency, and privacy to address within the context of qualitative research. 

With regards to questions about bias (Barany et al., 2024; Chen et al., 2018; Pangakis et al., 
2023; Schroeder et al., 2025), by relying on open-source models that reveal their weights, 
training data, and more, we can better understand what potential biases may exist within the 
model and its training data. With regards to accuracy concerns, many studies have found a 
benefit and necessity for human checks and interaction with any AI tool in qualitative analysis 
(Feuston & Brubaker, 2021; Pangakis et al., 2023). For our work, instances of inaccuracy were 
mostly the model incorrectly assuming the data contained more information than was actually 
present and thus applying a code where one did not belong. We believe we can minimize this by 
improving prompts with one-shot techniques, averaging several runs, and other formatting 
techniques. With regards to concerns about data privacy (Byun, 2023; Schroeder et al., 2025), 
the use of local models avoids sharing IRB protected data with private companies who are 
explicit about their use and storage of user chats (e.g., chatGPT). Finally, with regards to 
transparency concerns, using an open source model allows researchers to both understand and 
choose the model best suited to their work, as well as better communicate to others what is 
happening “behind the scenes” with the models used. 

Preliminary Nature of this Report 
This work is still preliminary, as we believe we can further tune our use of LLMs in thematic 

analysis to better understand our dataset. While the models struggled with certain types of codes, 
our analysis suggested a second phase of coding focused on why instructors implemented, 
maintained, or moved away from RBIS in their instruction. We have completed an initial round 
of coding using the LLM pipeline, but need to compare and validate with a human coder to 
determine how well LLM’s handled a narrower codebook consisting of more nuanced codes. 
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