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Abstract. Command-line interface (CLI)-based agentic coding tools
enable large language models (LLMs) to autonomously read local data
files, write and execute analysis scripts, and generate outputs, but
whether they can reliably perform thematic analysis of non-English
educational data remains understudied. This 3 x 3 x 3 factorial
experiment compared three frontier LLMs (Claude Opus 4.6, GPT-5.3-
Codex, and Gemini 3 Pro Preview) across three prompt tiers (detailed,
structured, and exploratory) with three repetitions per condition,
yielding 27 runs. Each run processed 89 anonymized student evaluations
(Likert ratings and open-ended Thai comments) from a Year 3 preventive
dentistry course over three academic years. Outputs were evaluated
against 10 required items covering statistical computation, thematic
analysis, and visualization, with the generated scripts inspected to
classify categorization as direct reading or keyword matching. Statistical
computation and overview charts each passed 93% (25/27), and detail
charts passed in all 27 runs, with failures confined to exploratory
prompts. Thematic reading was the primary difference. Opus and Gemini
read Thai directly while GPT usually generated keyword-matching
scripts. Structured prompts achieved the highest thematic reading pass
rate at 78% (7/9), followed by detailed at 67% (6/9) and exploratory at
33% (3/9). Identical configurations produced different outputs across
repetitions, with theme counts ranging from 4 to 31. CLI-based agentic
coding tools can perform thematic analyses of Thai-language educational
feedback, but natural language processing output reliability depends on
model selection, prompt specificity, and stochastic variability. Multiple
independent runs are recommended to assess consistency.
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1. Introduction

Health professions curricula have increasingly adopted vertical integration, an
approach that blends basic science instruction with clinical practice from the
earliest training years and gradually increases clinical exposure as students
advance (Wijnen-Meijer et al., 2020). The Year 3 preventive dentistry course
examined in this study combines lectures, laboratory exercises, and preclinical
practice in the year preceding clinical rotations. Students provide overall
satisfaction ratings on Likert scales alongside open-ended Thai-language
comments freely describing what they valued and what they found challenging.

The quantitative ratings are straightforward to aggregate, but analyzing the
qualitative free-text responses requires more effort. Braun and Clarke's thematic
analysis framework (Braun & Clarke, 2006; Braun & Clarke, 2019) describes this
process as requiring iterative familiarization, coding, and theme development.
For a course that integrates diverse learning activities and collects evaluations
across multiple cohorts, this iterative process can be time-consuming,.

1.1 Literature review and conceptual framework

Reviews of Al applications in dental and medical education have identified
automated assessment and feedback generation as areas where large language
models (LLMs) show promise (Lucas et al., 2024; El-Hakim et al., 2025). Kasneci
et al. (2023) reviewed these opportunities more broadly, including personalized
learning and adaptive feedback. Empirical studies have tested these capabilities,
specifically for qualitative analysis. LLMs such as GPT-4 and GPT-3.5 can perform
multi-label classification of 2,500 course comments with Jaccard similarity
approaching that of human coders (Parker et al., 2025).

LLM-assisted deductive coding can also reach stable response rates across
repeated iterations (Tai et al, 2024), and multi-agent LLM frameworks have
processed thousands of medical education feedback responses for sentiment and
topic analysis (Cai et al., 2025). Human-LLM collaborative thematic coding has
achieved substantial inter-rater agreement (Cohen's kappa 0.61-0.65) in deductive
categorization tasks (Wen et al., 2026). Thematic analysis has been applied in
educational research to evaluate assessment tools in higher education (Jita &
Thaanyane, 2025), and to examine the role of ChatGPT in the student learning
experience (Almulla & Ali, 2024).

Large language models can perform new tasks without task-specific training data,
a capacity referred to as zero-shot learning. Brown et al. (2020) demonstrated that
scaling a language model to 175 billion parameters (GPT-3) produced strong zero-
shot and few-shot performance across diverse natural language processing (NLP)
tasks including translation, question-answering, and text classification. Recent
studies have extended this paradigm to information extraction, showing that
LLMs can extract structured information from unstructured text in both English
and Chinese without labeled training examples (Wei et al., 2023). In this study,
LLM-based reading describes this zero-shot text interpretation process, in which
a model reads and categorizes free-text responses through general language
understanding.
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Prior studies, however, have largely relied on hosted web or application
programming interface (API) workflows where data are sent to an external service
that cannot directly access local file systems, installed libraries, or computing
environments. A newer category, command-line interface (CLI)-based agentic
coding tools, (also termed coding agents) (Denny et al., 2024; Jimenez et al., 2024),
operates differently. These tools combine two capabilities. As a code executor, the
tool invokes installed programs and libraries to read data files, compute statistics,
and generate figures, producing auditable intermediate outputs at each step. As a
language model, CLI-based tools can read free-text comments directly to identify
thematic categories, a task that conventionally requires either word-matching
algorithms or manual human coding.

Benchmarks such as SWE-bench have evaluated frontier LLMs on real-world
software engineering tasks requiring autonomous code-execution capability
(Jimenez et al., 2024). LLM-assisted code generation has grown rapidly as a
research area (Jiang et al., 2026), and these tools are now increasingly used in both
educational and professional contexts (Denny et al., 2024). Prior studies have
evaluated LLMs for educational feedback analysis through hosted web or API
workflows (Parker et al., 2025) or multi-agent pipelines (Cai et al., 2025), but
whether CLI-based agentic coding tools can perform end-to-end educational data
analysis locally, including qualitative analysis of non-English text, remains
unexplored, a gap that is both empirical and methodological.

Current large language models generate text by sampling from a probability
distribution over the vocabulary. This process is inherently stochastic; identical
inputs can yield different outputs, and this variation compounds over long
generations. This variability has been documented in sentiment classification
(Herrera-Poyatos et al., 2025) and in deductive qualitative coding, where response
rates required repeated iterations to stabilize (Tai et al., 2024). Languages such as
Thai are written continuously without spaces between words, requiring
specialized tokenization for word boundary identification (Arreerard et al., 2022;
Phatthiyaphaibun et al., 2023).

Without proper segmentation, naive substring or regex matching produces false
positives from matching within longer words and false negatives from missing
semantically relevant phrases. Multilingual LLMs exhibit reduced fidelity on low-
resource languages, partly attributed to tokenizer bias and English-centric
pretraining (Qin et al., 2025), factors that can compound the variability already
present in stochastic generation.

1.2 Objectives, significance and research questions

This study design combines reflexive thematic analysis, in which qualitative
coding is interpretive and several valid readings of the same data are possible
(Braun & Clarke, 2019), with zero-shot language understanding, in which a model
categorizes free text through general language capability without task-specific
training (Brown et al., 2020). The primary objective is to evaluate whether CLI-
based agentic coding tools can reliably perform end-to-end analysis of non-
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English course-evaluation data, and to characterize how model choice, prompt
specificity, and repetition affect that reliability.

Evidence on how such tools handle qualitative analysis of non-English
educational feedback is lacking, and this study provides that evidence under
controlled, repeated conditions as a preliminary evaluation of CLI-based agentic
coding tools through a factorial experiment comparing three frontier LLMs, three
levels of prompt specificity, and three independent repetitions, using Thai-
language dental course evaluation data. The contribution of this study is to
demonstrate the capability of CLI-based agentic coding tools to assist with
thematic analysis of non-English educational feedback, and to characterize per-
run variation in outputs across model choice, prompt specificity, and repetition.

The study addressed three research questions:

1. Do CLI-based agentic coding tools reliably perform end-to-end thematic
analysis of Thai-language student evaluations from a preclinical dental
course?

2. How do model architecture and prompt specificity affect task compliance?

3. What variability does arise across repeated runs wunder identical
configurations?

2. Methodology

2.1 Data collection and analysis

This study employed a fully crossed 3 (Model) x 3 (Prompt Specificity) x 3
(Repetition) factorial design, yielding 27 total runs. The independent variables
were the model, the prompt specificity tier, and the repetition. Each run was
scored against a predefined list of required tasks, and its generated scripts and
outputs were inspected to determine how it categorized the open-ended feedback.
All the runs used the same input data and were executed on a single date.
Repetition was treated as an analytical dimension rather than simple replication,
allowing assessment of within-condition variability. The study protocol was
approved by the Human Research Ethics Committee (HREC-UP-HSST
1.1/038/69).

2.2 Input data

The input data consisted of 89 anonymized student evaluations from a Year 3
preventive dentistry course at a Thai dental school. The course covered the final
preclinical year before students entered Year 4 clinical practice, combining
lectures with hands-on procedures such as paired oral examinations, recording
dental indices, applying fluoride and dental sealants, and assessing and managing
dental caries risk. Evaluations were collected across three academic years, 2023 (n
=29), 2024 (n = 30), and 2025 (n = 30).

Course evaluation forms recorded academic years as Thai Buddhist Era years
2566, 2567, and 2568. These correspond to 2023, 2024, and 2025, used throughout
the tables and figures for international readability. The three academic years
represent separate student cohorts rather than repeated measurements of the
same students, and were included to test whether the tools preserved year-by-
year aggregation and trend reporting. All 27 analysis runs were executed on a
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single date (Section 2.3). The academic years denote only when the original
evaluations were collected.

Each evaluation contained an anonymized student identifier (5001 through S089),
the academic year, and three Likert-scale items rated on a 1 to 5 scale measuring
satisfaction with the teaching process, satisfaction with learning, and
dissatisfaction where 1 indicates no dissatisfaction. A separate open-ended Thai-
language text field asked students to describe what they liked, disliked, and
would suggest about the course. This institutional evaluation form provided
authentic, routinely collected feedback, and its open-ended field allowed students
to raise concerns not anticipated by the fixed-response items. Of the 89
evaluations, 17 had null text fields, 7 contained only a dash or the word il mone),

and the remaining 65 contained meaningful text feedback.

2.3 Models and prompts

Three frontier-class LLMs were selected from major commercial providers
available as of February 2026 as Claude Opus 4.6 (claude-opus-4-6, Claude CLI
v2.1.34), GPT-5.3-Codex (gpt-5.3-codex, Codex CLI v0.98.0), and Gemini 3 Pro
Preview (gemini-3-pro-preview, Gemini CLI v0.27.3). All the experiments were
executed on a single date (February 7, 2026) to minimize the risk of mid-
experiment model updates. No dated snapshot identifiers were available for any
model. Each run used default generation settings without modifying sampling
parameters. The study was not sponsored by any model provider.

Each tool had access to Python libraries for data analysis and visualization
(pandas, openpyxl, matplotlib, numpy) and could autonomously read input files,
write and execute scripts, and refine outputs through successive iterations within
a single session. Figure 1 shows a representative CLI interface using Claude Code,
with Codex and Gemini sharing the same terminal-based interaction model. The
panel illustrated the tool (Claude Code) responding to a brief example prompt
that asked it to read the satisfaction dataset and report mean scores per item by
academic year.

Three prompt tiers were designed at different levels of specificity (Appendix 3).
Prompt 1 (detailed procedural, 372 lines) prescribed every analysis step and
output format. Its four-step thematic procedure had the model read every non-
null feedback entry, identify recurring themes, name each category, and assign
students to categories. The model was explicitly instructed to discover categories
from the text rather than use pre-defined ones. Prompt 2 (structured-concise, 101
lines) specified required outputs and content expectations without procedural
instructions, stating that thematic categories should be discovered by reading all
feedback rather than using pre-defined categories. Prompt 3 (exploratory, 21
lines) listed four analysis tasks (statistical analysis, thematic categorization,
summary, and visualizations) with the instruction to "discover categories from the
data" but without specifying the analytical procedure or prohibiting pre-defined
categories.

http:/ /ijlter.org/index.php/ijlter



129

All three prompts directed the model to save Python scripts, produce markdown
reports, and generate chart figures. Prompts 1 and 2 specifically required
visualizations of mean satisfaction scores broken down by academic year, with
per-item Likert rating frequency distributions for each year.

B Satisfaction Analysis

Claude Code

Hi, I'm Chawalit. Read satisfaction anonymous.xlsx and report mean scores here for each satisfaction item by academic year.
® Let me find and read that file.
® Searched for 1 pattern
® Bash(cd "/mnt/e/OneDrive/PYTHON_EDU/Preventive Y3 LLM Thematic Analysis" && python3 -c
import pandas as pd.)
L shape: (89, 6)
Columns:
® Bash(cd "/mnt/e/OneDrive/PYTHON_EDU/Preventive Y3 LLM Thematic Analysis" && python3 -c "
import pandas as pd.)
L === Respondents per Academic Year ===
academic_year
2566 29
#® Here are the results from satisfaction_anonymous.xlsx (89 students, 5-point Likert scale):

Mean (SD) by Academic Year

2566 (n=29) 2567 (n=30) 2568 (n=30) overall (n=89)
Satisfaction: Teaching Process .3 2 4.57 (0.63) .2 4.39 (@.81)

Dissatisfaction Rating

Figure 1: Example command-line interface (CLI) appearance of an agentic coding tool
(Claude Code, Anthropic)

2.4 Evaluation of required tasks (R1-R3)

Each run's output files (scripts, reports, and figures) were evaluated against 10
required items spanning three domains. Statistical computation (R1) verified that
each run's computed overall means matched values derived from the input data
for satisfaction with the teaching process (R1.1, expected 4.39), satisfaction with
learning (R1.2, expected 4.51), and dissatisfaction (R1.3, expected 1.84).

The thematic analysis items (R2) assessed whether the model categorized
feedback into themes (R2.1), separated positive and negative sentiment (R2.2),
presented themes as cross-tabulations by academic year (R2.3), discussed year-
over-year trends across academic years 2023-2025 (R2.4), and used LLM-based
reading rather than keyword-matching scripts for thematic categorization (R2.5).
The year-by-year items (R2.3 and R2.4) tested whether the tools preserved the
cohort structure and reported trends across the three academic years rather than
collapsing the feedback into a single aggregate. Visualization items (R3)
confirmed that satisfaction bar charts (R3.1) and per-metric detail charts with
rating frequency distributions (R3.2) were generated.

Evaluating LLM-based thematic reading (R2.5) required a binary judgment about

how each model produced its thematic categorization, distinct from R2.1, which
only verified whether categorization occurred. For each of the 27 runs, a CLI-
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based coding agent (Claude Opus 4.6) first located the relevant files within each
run's output set. The model's outputs (Python scripts and execution logs) were
then inspected, and each assignment was confirmed against the source files to
reach consensus on whether the model (a) read each student's Thai text directly
and assigned a category based on semantic interpretation, or (b) used a non-
semantic approach, such as generating keyword lists, regex patterns, or dictionary
lookups to match substrings in the text.

A run passed R2.5 only under (a), including cases in which a model stored its
directly read student-to-theme assignments as fixed lists. A run failed under (b),
where categorization relied on hardcoded keyword lists, regular expressions,
dictionary lookups, or substring tests such as “any(k in text for k in keywords)".
Runs combining both approaches were classified by the dominant mechanism.

2.5 Theme consolidation

The feedback categories produced across all 27 runs were consolidated and
verified into canonical categories by examining every unique theme label against
the original student responses, grouping semantically equivalent labels under a
common category, and keeping feedback that expressed a distinct facet or a
notably different opinion as its own category. Theme labels that did not fit any
substantive category were assigned to an uncategorized group. Table 1 shows
representative translated examples for selected canonical categories, with all 17
listed in Appendix 1. Theme counts per canonical category were then compared
across model, prompt, and repetition conditions.

Table 1: Representative student responses, accepted and translated from Thai, for
selected positive and negative feedback categories

Canonical Representative student response (translated)
category
01 Hands—on "What I liked was getting to do real hands-on work." (S001)
Practice
. "The instructors taught in a way that was easy to understand and did not
C02 Teaching . . . .
. put too much pressure on students doing the practical for the first time.
Staff Quality (5025)
C03 Learning & | "...it helped me picture what I had studied and understand it better."
Understanding (S011)
C04 Professional | "...this course reminded me that I still love the dental profession, and I
Motivation have to thank this lab for rekindling my drive." (5042)
C10 Time & "...the downside was too little time, crammed into the end of the
Scheduling semester..." (S005)
C11 Pre-practice | "...I felt unprepared, for example with the instruments, since I had never
Readiness actually used them and did not know how to handle the tools." (5046)
C12 Insufficient | "There were too few supervising instructors, which made it rather
Supervision chaotic and slow to get questions answered or ask for help." (5002)
. "...I'would prefer no point deductions, only warnings, because when you
C13 Grading . . . .
Pressure ask and try something and make a mistake you lose points, which makes
you afraid to ask or try." (S018)
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2.6 Additional model outputs

All three models also produced analyses not prescribed in the prompts, such as
correlation matrices, statistical tests, and additional visualizations. These were
recorded as additional tasks to document the extent of extra analyses across runs.

3. Results

3.1 Required and additional tasks

Each agentic analysis run was completed in 2 to 9 minutes (mean 5.00 minutes,
range 2.40 to 9.43 across 27 runs). GPT and Gemini were comparable on average
(4.14 and 4.26 minutes), and Opus ran longest (mean 6.59 minutes). Required
items (R1-R3) achieved high pass rates under the two instructed prompts
(Prompts 1 and 2), with compliance declining under the exploratory Prompt 3
(Figure 2). All three models also produced additional analyses beyond the basic
commands of the prompts, with Prompt 3 runs producing the widest range.

Opus GPT Gemini

P1 P2 P3 P1 P2 P3 P1 P2 P3

R1 Satisfaction means

R2.1 Categorize into themes

R2.2 Separate likes vs dislikes

R2.3 Cross-tabulation tables by year

R2.4 Year trend analysis

R2.5 LLM-based thematic analysis

R3.1 Satisfaction bar charts

R3.2 Per-satisfaction detail charts

IQR / quartile reporting

Correlation analysis

Significance testing 0 0 2 0 0 0 0 0 0
Pairwise post-hoc tests 0 0 2 0 0 0 0 0 0
Effect size reporting 0 0 1 0 0 0 0 0 0

Box piot o o - o o [ o o -
Trend line charts 0 0 2 0 0 - 0 ] 2

Stacked distribution charts 0 0 - 0 0 2 0 0 0

Figure 2: Task completion by model and prompt (P1-P3), shown as passes out of three
repetitions per cell for 10 required tasks (R1-R3) and additional evaluation items

3.2 Statistical computation and visualization (R1, R3)

Under the two instructed prompts (18 runs), all three models achieved 100%
(18/18) pass rates on statistical computation (R1.1-R1.3) and both visualization
items (R3.1, R3.2). Prompt 1 and Prompt 2 produced consistent multi-panel bar
charts across all the models (Figure 3).
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Compliance dropped under the exploratory prompt (P3). Statistical computation
(R1.1-R1.3) fell to 78% (7/9), with Gemini not computing the all-years combined
means in two runs. Satisfaction chart generation (R3.1) also fell to 78% (7/9)
because Gemini and GPT did not generate the overview satisfaction chart in one
run, even though the prompt specified both overview and per-metric detail charts.
Detail charts (R3.2) maintained 100% (9/9). The exploratory prompt also
produced the greatest visual variation (Figure 3). All the charts labeled the year
axis with Buddhist-Era values, and most used English text for titles and axis
labels. Under the exploratory prompt, GPT wrote its chart labels in Thai but the
Thai text did not render in the generated figure, appearing as empty boxes rather
than legible characters because the default font lacked Thai glyphs.

Opus GPT Gemini
Teaching Process Learning Dissatisfaction Teaching Pracess Learning Dissatisfaction
Teaching Process Learning Dissatisfaction r
5 5 5 5 5
s ase 48 51 s as
bl a3 L)
4 4 4 4 4 4
Prompt 1 g3 g3 g3 v 31 N 5
1 X ] & &
(Detailed) s L) Y
’ ? 2 an e 2n a7 2 F] - -
1 1 1 Y 1 1
2o fllv=sofllns0
o 0 o
o ) o 2566 2567 2568 2566 2567 2568 7566 2567 2568 o ) o
2566 2567 2568 2566 2567 2568 2566 2567 2568 Acadernic Year Acadernic Year Acadenic Tear 2566 2567 2568 3566 2567 2568 2566 2567 2568
Academic Year Academic Year Academic Year Academic Year Academic Year Academic Year
Satistaction: Teaching Process Satisfaction: Learming  Dissatisfaction Rating Setistection; Rating Teaching Process  Leaming Satisfaction Dissatisfaction Rating
5 5
. s 5 as1 51459 463
4 32995n—3u1 423 n=20{0230) 4,30
B i a0} (n=30
4 4 4
¢ £ Es £ £
Prompt 2 53 i 3 i
H .1 H 8 E)
(Structured) - £ £, £ £
21 ey “ 2 2
1 1 1 1
o o o e o o 0 o o o
2566 2567 2568 2566 2567 2568 2566 2567 2568 2566 2567 2568 2566 2567 2568 2566 2567 2568 2566 2567 2568 2566 2967 2568 2566 2567 2368
Acadenic ear Acadenic ear Meademe Teor Academic year hcademic year Academic year hcademic Year ‘Academic Year ‘Academic Year
Mean Satisfaction Scores by Academic Year 0 00NONNONONNNNNNNNNNN0000 Average Satisfaction Scores by Academic Year
5 a5
40
4 @
& 535 &35
< = == (000000000000000000 @ —*— satisfaction_teaching_process
Prompt 3 §s 330 A e g —e— satisfaction_leaming
L —s— (DODO0O0CDODODODO0C =30 *- dissatisfaction_rating
(Exploratory) i Has g
2 a
25
“ /\
! 15 20 — e —
10 o

2566 2567 2568

256
[T e

Figure 3: One representative satisfaction chart (R3.1) generated by each model under
each prompt, shown as the model's own output. The GPT Prompt 3 panel includes a
Thai text-rendering issue

3.3 Thematic analysis (R2)

Theme categorization (R2.1) passed in all 27 runs, with sentiment separation
(R2.2) passing at 85% (23/27) and cross-tabulation by academic year (R2.3) at 78%
(21/27). Both items fell to 56% (5/9) under Prompt 3. Passing runs produced
frequency tables organized by theme and academic year. Table 2 shows one such
example, drawn from Opus Prompt 1 runs that generated 12 to 13 bilingual
categories using per-year student counts. Gemini failed cross-tabulation in two
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Prompt 1 runs, producing theme narratives without year-by-year frequency
tables.

Table 2: Representative cross-tabulation of negative feedback themes by academic
year (Opus, Prompt 1, Run 1)

Category 2023 | 2024 | 2025 | Total
Insufficient Time and End-of-Semester Scheduling 5 0 0 5
Insufficient Instructor-to-Student Ratio 4 0 0 4
Lack of Preparedness and Difficulty Understanding 1 3 2 6
Pressure and Point Deduction System 2 0 0 2
Content Sequencing and Teaching Materials 0 3 0 3
Desire for More Practice and Instructor Verification 0 0 2 2

One student may appear in multiple categories. The original table was generated with
both Thai and English text. Thai text was removed for presentation clarity

Year-over-year trend discussion (R2.4) passed in all 27 runs, though trend
narratives varied in specificity across models. Opus and Gemini cited year-
specific frequency shifts. Opus Prompt 1 Run 1 reported time-related complaints
in five students in 2023, with the same theme absent in 2024 and 2025 (Table 2). A
Gemini trend narrative similarly attributed time-and-scheduling concerns to 2023,
equipment readiness to 2024, and reduced negative comments to 2025. GPT's
trend sections described general patterns across years without citing year-specific
frequency changes, with Gemini Prompt 3 runs also producing recommendation
sections linking specific curricular suggestions to individual anonymized student
responses.

LLM-based thematic reading (R2.5) passed at 59% (16/27). By model, Gemini
passed at 89% (8/9), Opus at 78% (7/9), and GPT at 11% (1/9) (Figure 2). In
passing runs, Opus and Gemini read each student's Thai text and assigned it to
thematic categories.

GPT generated scripts containing hardcoded keyword dictionaries of Thai terms
per category, classifying feedback through substring matching (any(k in text for k
in keywords)). GPT's single pass (Prompt 2, Run 1) stored LLM-derived student-
to-theme assignments as fixed Python lists (‘hands_on": ['S001, 'S004!, ...]) rather
than applying keyword-matching functions. All Opus and Gemini failures
occurred under Prompt 3.

By prompt tier, structured prompts (Prompt 2) achieved the highest LLM-based
thematic reading (R2.5) pass rate at 78% (7/9), followed by detailed prompts
(Prompt 1) at 67% (6/9). Opus and Gemini passed at identical rates under both
tiers (3/3 each). GPT passed once, under Prompt 2. For exploratory prompts
(Prompt 3), the pass rate fell to 33% (3/9), with Gemini passing in 2 of 3 runs,
Opusin1 of 3, and GPT in 0 of 3.
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3.4 Theme counts and categories

Theme counts varied substantially across models (Table 3). Opus produced the
most stable output (mean 12.0, range 9-14). GPT ranged from 6 to 13 themes (mean
9.8). Gemini showed the widest range (mean 9.4, range 4-31). By prompt tier,
Prompt 2 produced the highest theme counts across all three models (Opus 13.3,
GPT 12.3, Gemini 15.7), and Prompt 3 consistently produced fewer themes (per-
prompt averages of 10.3, 7.3, and 5.0 for Opus, GPT, and Gemini).

Table 3: Theme counts by model and prompt tier, shown as mean (range) across 3 runs

per cell
Prompt 1 Prompt2 | Prompt3 All
Opus | 12.3(12-13) | 13.3 (12-14) | 10.3 (9-12) | 12.0 (9-14)
GPT 9.7 (9-11) | 123 (11-13) | 7.3 (6-8) | 9.8 (6-13)
Gemini 7.7 (6-9) 15.7 (7-31) | 5.0 (4-6) | 9.4 (4-31)
All 99(6-13) | 138(7-31) | 7.6(412) | 10.4 (4-31)

Gemini showed the greatest variation in thematic granularity. In Prompt 2 Run 1
(31 themes), the model split instructor-related feedback into "Teacher Quality" (10
mentions) and "Teaching Technique" (1), sub-categories that the other models and
Gemini's own remaining runs consistently reported as a single theme similar to
"Teaching Staff Quality". Conversely, in Prompt 3 Run 3 (4 themes), Gemini
collapsed all positive feedback into a single "Appreciation for Practical
Experience" category and all negative feedback into 3 broad categories. Categories
such as teaching staff quality and assessment pressure, present in most other runs,
were absent.

After mapping each run's themes to the 17 canonical categories (Figure 4), Opus
detected a mean of 11.7 categories per run (range 7 to 14), GPT 9.0 (range 5 to 13),
and Gemini 7.7 (range 4 to 17). The complete per-run counts are detailed in
Appendix 2. The resulting frequency distribution showed that "Hands-on
Practice" and "Time & Scheduling" were detected in all 27 runs as the most
frequent positive and negative categories. "Teaching Staff Quality" was next
among positive categories at 26 of 27 runs. Several categories appeared at different
rates across the models. "Positive Atmosphere" appeared in all 9 Opus runs but
only in 2 GPT and 2 Gemini runs. Within identical model-prompt conditions, the
three repetitions produced different category counts and student-to-category
assignments.
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Opus GPT Gemini

P1 P2 P3 P1 P2 P3 P1 P2 P3

C01 Hands-on Practice

C02 Teaching Staff Quality -

C03 Learning & Understanding 8*

e

T

23-26%

C04 Prof. Motivation

6* 7-20* 13-53* 12+ 3-13*

CO5 Positive Atmosphere 9-12* - - 6* 12*
C06 Clinical Setting - - 15% - - 8-16*

C07 Specific Clinical Skills 6* - 8* - - 7*

C08 Knowledge Integration 77 12* 3%

C09 Course Organization 2% - 5% I

C10 Time & Scheduling

C11 Pre-practice Readiness

C12 Insufficient Supervision

C13 Grading Pressure 7-11*

3*

-
e
C14 Content Clarity 3* 3+ 7* - 12+

C15 Desire for More Practice (&

-- 7 7 #

3% - - 2% 2-3%

C16 Teaching Materials

C17 Lecture-Lab Sequencing - 2-3% 5% 3* 3* - - 1*

Figure 4: Count ranges for 17 canonical feedback categories (positive and negative,
separated by a horizontal line) by model and prompt. Each cell gives the count range
across the repetitions that detected the category. A gray cell with an asterisk marks a

category detected in only one or two of the three repetitions

Among the category and model-prompt combinations, a category was detected
on average in all three repetitions 51% of the time, and in only one or two
repetitions otherwise. This all-three detection rate was 57% for Opus, 57% for
GPT, and 37% for Gemini. The most frequently reported categories were the most
consistent. "Hands-on Practice" and "Time & Scheduling" were detected in all
three repetitions for every condition, while lower-frequency categories such as
"Teaching Materials" and "Lecture-Lab Sequencing" were not detected in all three
repetitions for any condition.

4. Discussion

4.1 End-to-end feasibility

CLI-based agentic coding tools combine two distinct capabilities, functioning as
code executors that write and run scripts using locally installed libraries, and as
language models that read free-text comments directly to perform qualitative
categorization without programmatic mediation. Agentic Al systems have been
applied to scientific research tasks such as hypothesis generation and experiment
design (Gridach et al., 2025), and LLM-based data agents have addressed complex
analytical problems with minimal human intervention (Sun et al., 2025). This
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study evaluated whether CLI-based agentic coding tools can reliably perform
both capabilities for educational data analysis.

To the best of our knowledge, this study is among the few to address this question
in an educational context. Twenty-seven runs were conducted across different
models and prompt specificities. Each run produced complete analytical pipelines
without human intervention, and the individual runs were completed in 2 to 9
minutes. Statistical computation (R1) and overview chart generation (R3.1) each
achieved 93% (25/27), with failures confined to the exploratory prompt (Prompt
3), which listed tasks without specifying procedures or required output formats.
Detail charts (R3.2) passed in all 27 runs.

These results mirror the code-execution capability common to agentic coding
tools. The primary difference was not statistical computation or visualization but
how the models performed thematic analysis (R2), specifically whether they
applied language-reading capability to interpret Thai text directly or used a non-
semantic approach, such as generating keyword lists, regex patterns, or dictionary
lookups to match substrings.

4.2 Model capability and prompt specificity

Text categorization has evolved from rule-based keyword matching through
machine learning classifiers requiring manual feature engineering, and deep
learning models that encode features and classify text automatically (Li et al.,
2022), to direct classification by large language models without task-specific
training. Parker et al. (2025) reported that GPT-4 achieved human-level agreement
(Jaccard similarity 80.60% vs. human average 81.24%) in zero-shot classification
of 2,500 English course comments, and Wen et al. (2026) achieved substantial
inter-rater agreement (Cohen's kappa 0.61-0.65) in human-LLM collaborative
thematic coding.

Agentic coding tools are powered by such models, giving them the inherent
capability to read and interpret text directly, but their code-execution capability
also allows them to write programmatic classification scripts. In this study, all
three prompts instructed the model to use this reading capability to discover
thematic categories from the student feedback. Opus and Gemini followed this
instruction in most prompted runs, reading each student's Thai text and assigning
categories directly. GPT, however, usually defaulted to hardcoded keyword
dictionaries and substring-matching functions. This pattern appeared across
prompt tiers, though one Prompt 2 repetition stored LLM-derived assignments.

For LLM-based thematic reading (R2.5), structured, concise prompts (Prompt 2)
achieved the highest overall pass rate at 78% (7/9), followed by detailed prompts
(Prompt 1) at 67% (6/9) and exploratory prompts (Prompt 3) at 33% (3/9). This
ordering concurred with prompt engineering research, showing that LLM
outputs are highly sensitive to prompt design, and even minor phrasing changes
can substantially affect performance (Schulhoff et al., 2024). Broader prompt-
engineering surveys catalogue dozens of task-specific prompting techniques
(Sahoo et al.,, 2024). In LLM-assisted reflexive thematic analysis, evaluators
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preferred LLM-generated codes 61% of the time when prompts were well-
structured, though LLMs still fragmented data and missed latent meanings even
with refined prompts (Martinez Montes et al., 2025).

In this study, the sensitivity to prompt design was more pronounced under
Prompt 3, where the lack of procedural specificity led to the lowest R2.5 pass rate
at 33% (3/9). These findings suggested that structured prompts are needed for
consistent thematic reading from agentic coding tools, while exploratory prompts
risk degrading performance. How each model approached the analytical task also
affected LLM-based thematic reading (R2.5) outcomes. Opus and Gemini
consistently applied LLM-based reading under both detailed and structured
prompts, while GPT tended to rely on keyword-matching scripts across all
prompt tiers.

Thai text presents specific challenges for automated text categorization. Word
meanings depend on context in Thai because word boundaries are ambiguous,
allowing the same character sequence to convey a different meaning depending

on the surrounding text (Arreerard et al., 2022). The word "fiusiw’ (excited), for

instance, appeared in an anxiety keyword list, but in student responses expressed
positive anticipation about clinic work. The same word could also convey
nervousness about being unprepared, and only the surrounding context
disambiguates its meaning.

Individual responses compounded this difficulty by combining multiple
sentiments within a single passage. For example, S006 contained praise for hands-
on activities, appreciation of instructors, and complaints about scheduling and
insufficient instructor-student ratio within one continuous response, requiring the
reader to parse which segments conveyed positive versus negative sentiment. In
this response, a positive emotion word was embedded inside a scheduling
complaint (e.g., "do not want this fun course crammed at end of semester near
exams"), but GPT's keyword-matching scripts assigned the response to an
enjoyment category based on the keyword match alone.

Student responses also included emojis, Thai English language mixing (e.g.,
writing the English word "inspiration" within a predominantly Thai sentence),
and informal conversational text. The keyword lists were not designed to interpret
these occurrences. Despite the availability of dictionary-based segmentation
libraries (Phatthiyaphaibun et al., 2023), the keyword-matching scripts generated
in this study used naive substring or regex operations without invoking such
tools. This limited keyword matching to exact surface-level matches that were not
generalized across the context-dependent expressions in Thai student feedback.

Traditional text classification approaches require labeled training data, from
machine learning classifiers that depend on manual feature engineering to deep
learning models that learn feature representations automatically (Li et al., 2022).
To the best of our knowledge, no public dataset exists for Thai educational
feedback at this level of domain specificity, and training a task-specific model
would require substantial annotation effort. Frontier LLMs bypass this
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requirement by processing text through general language capability, though
benchmark studies confirm that they exhibit performance gaps on Thai-specific
tasks (Kim et al., 2025), with performance declining further on regional dialects
where only proprietary frontier models maintain adequate fluency
(Limkonchotiwat et al., 2025). One multilingual LLM approach is parameter-
frozen prompting, in which the model's general language capability handles non-
English input without explicit fine-tuning (Qin et al., 2025).

In this study, Opus and Gemini processed Thai student feedback through direct
reading without task-specific training, categorizing multi-topic responses into
thematic categories that distinguished positive from negative sentiment within
the same passage. These results provide preliminary evidence that frontier LLMs
can assist with thematic analysis of non-English educational feedback in
languages where specialized NLP resources are limited, though the approach is
not uniformly available across models, as GPT's preference for keyword-matching
scripts demonstrates. Model selection should, therefore consider deployment
context and human-centered evaluation criteria in addition to general benchmark
scores (Miller & Tang, 2025; Saleh et al., 2025).

4.3 Output variability across repetitions

In this study, output variability appeared in three forms. The first was thematic
granularity as the number of canonical categories a run detected. Opus detected
the most and most stably, a mean of 11.7 of the 17 categories per run, while Gemini
detected the fewest and varied most, a mean of 7.7 and a range from 4 to 17,
because it sometimes split one theme into several sub-categories and sometimes
collapsed several into one. The second was the detection consistency of which
categories appeared across the three repetitions of a condition. Only about half of
all category detections were reproduced in all three repetitions. This rate was
lowest for Gemini, and a category identified in one run could be absent from
another run under identical settings.

A few high-frequency categories such as Hands-on Practice and Time &
Scheduling appeared in every repetition, while lower-frequency categories
appeared sporadically. The third was the count variability as the number of
student mentions assigned to a detected category. This was largest under GPT's
keyword-matching scripts, where one category ranged from 13 to 53 mentions
across the repetitions of a single condition, while the semantic-reading models
recorded results within narrower ranges. Some of this variability arose from the
analytical approach because a model could read semantically in one run and
generate keyword-matching scripts in another under the same prompt, as GPT
did within its Prompt 2 condition.

Our observed run-to-run variation concurred with broader findings on LLM
stochasticity. A large-scale study of 3.4 million LLM outputs found that binary
classification achieved near-perfect reproducibility while generative tasks such as
summarization exhibited greater variation (Wang & Wang, 2025). Deductive
qualitative coding required 40 repeated iterations for response rates to stabilize
(Tai et al., 2024). Prior studies of LLM-based educational feedback analysis used
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a sampling temperature of zero to suppress this variability (Parker et al., 2025).
However, a temperature of zero does not guarantee identical outputs because the
computational process can introduce variation even under fixed parameters (Atil
et al., 2024). Agentic execution adds a further source of variation because the
model can autonomously decide which scripts to write and which analytical steps
to take. The CLI applications used in this study did not expose sampling
parameters for adjustment. Theme identification proved closer in complexity to
summarization than to binary classification, with each student response assigned
to multiple themes rather than to a single label.

In reflexive thematic analysis, qualitative coding is inherently interpretive, and
different analysts can generate different valid readings of the same data (Braun &
Clarke, 2019). Bano et al. (2024) examined LLM use in qualitative research by
framing LLMs as assistive tools that require human oversight rather than
autonomous coders. Treating model outputs as review inputs, rather than final
categorizations, allows evaluation of which themes are robust across repeated
analyses. Stochastic LLM variation can, however, differ from genuine human
interpretive diversity because it arises from inference-level randomness (Herrera-
Poyatos et al., 2025) rather than from differing analytical perspectives.

Multiple runs remain necessary to distinguish robust findings from run-specific
artifacts (Herrera-Poyatos et al., 2025; Wang & Wang, 2025). This study
demonstrated the same pattern, with output variability observed both across
models and within identical model-prompt configurations. Additional canonical
category mapping allowed outputs to be compared across runs. Each run
captured a different level of thematic resolution, but whether a given run over-
fragmented or over-consolidate the data could not be predicted. One practical
benefit of CLI-based agentic tools is that they expose intermediate model outputs
that can verify the analytical strategy, rather than assessing quality from text
output alone. In this study, inspecting these intermediate outputs revealed
whether categorization relied on semantic reading or on keyword matching.
Researchers conducting LLM-based analysis should, therefore, expect output
variability across repeated runs.

4.4 Implications

Several practical implications for educators and education researchers using
agentic coding tools to analyze course evaluations follow from these findings. The
models processed the feedback differently and produced diverse results;
therefore, model choice should be deliberate. Structured prompts that direct the
model through the required tasks are preferable to open-ended ones, consistent
with the higher thematic-reading pass rates under the structured and detailed
prompts. Sampling parameters were not adjustable in the CLI tools, but running
the analysis across multiple independent runs made the run-to-run variability
visible. The generated scripts and intermediate outputs are available for
inspection, showing how each result was produced, how the statistics were
computed, and whether categorization relied on keyword matching or on direct
reading of the feedback.
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5. Limitations

This study had several limitations. The dataset of student evaluations was small
and was sourced from a single-institution Thai dental school course, limiting the
robustness and the generalizability of the findings to English-language feedback
and other non-English writing systems. This anonymized dataset did not include
age, gender, or seniority variables, and the findings were interpreted only by
academic year and by the experimental variables of model, prompt specificity,
and repetition. The three prompt tiers were designed to represent detailed,
structured, and exploratory instructions. Different prompt wording within the
same level of procedural detail was not investigated. All the runs used single-turn
execution, in which one prompt initiated fully autonomous analysis, with no
human interaction during the session. This design was necessary for controlled
comparison but might underestimate the quality achievable through interactive
multi-turn use, which is more common in practice.

Reproducibility is also at risk because of how frontier models are versioned and
retired. The tools evaluated here did not expose dated model snapshots. Recent
model generations have moved to dateless version identifiers, which makes
pinning an exact model state for replication harder. Previous educational-
feedback studies reached human-level agreement using GPT-4 and GPT-3.5
(Parker et al., 2025). These models have now been retired from general
availability, showing how the specific versions behind published findings become
unavailable over time. Reproductions should report the exact tool and model
versions used and treat the results as specific to those versions.

The canonical mapping of themes to 17 categories involved subjective post-hoc
judgment. A more structured approach, such as a pre-specified category schema
or inter-rater agreement with independent human coders, would further
strengthen the mapping reliability. This study evaluated how each model
performed categorization, specifically whether it read the text directly or matched
keywords, rather than the accuracy of the resulting themes against a human-
coded gold standard. Comparison with independent human thematic coding was
outside the study scope and this is an important direction for assessing coding
quality. This study documented run-to-run variability, including raw theme
counts that did not depend on the canonicalization step.

Future studies could develop standardized prompt and model toolkits that
emulate expert thematic-analysis practices in educational contexts, serving as
supportive aids for course-evaluation review. The findings could also be
strengthened through additional extensions. Larger studies addressing dataset
diversity would improve generalizability. More extensive repetition per condition
could reveal the range of possible outcomes, characterize each model's tendencies,
and enable inferential analysis across runs.

6. Conclusions

CLI-based agentic coding tools can complete end-to-end analyses of Thai-
language course evaluations without human intervention during each run. These
tools operate in the local analysis environment, so generated scripts and
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intermediate outputs remain available for inspection. The generated analyses
varied by model, prompt specificity, and repetition. Statistical computation and
visualization were handled more consistently than thematic categorization, while
required-output compliance declined when prompts gave little procedural
guidance. Repeated runs under identical configurations differed in detected
theme categories, category counts, and category assignments, and the models
produced diverse thematic results.

In passing runs, the models read the free-text comments directly and assign
themes through semantic interpretation, whereas other runs substitute keyword-
matching scripts for thematic reading. Structured prompts achieved the highest
LLM-based thematic-reading pass rate. These findings suggest that agentic coding
tools can assist with qualitative analysis of non-English educational feedback,
including languages where specialized language-processing tools are limited.
When applying these tools to educational feedback, model comparison,
structured prompts, repeated runs, and inspection of generated files are
recommended to support consistent use and verification of the analytical process.

7. Data Availability

All data and code used in this study, including the anonymized student
evaluation dataset, experiment prompts, evaluation rubrics, analysis scripts, and
LLM-generated outputs, are publicly available at
https:/ / github.com/superbijk/ preventive-y3-llm-thematic-analysis.
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Appendix 1

Representative student responses for the 17 canonical feedback categories

Canonical Representative student response (translated)
category
01 Hands—on "What I liked was getting to do real hands-on work." (5001)
Practice
. "The instructors taught in a way that was easy to understand and did
C02 Teaching . .
Staff Quality not put too much pressure on students doing the practical for the
first time." (5025)
C03 Learning & | "...it helped me picture what I had studied and understand it better."
Understanding | (S011)
Igfjfessional "...this course reminded me that I still love the dental profession, and
.. I have to thank this lab for rekindling my drive." (S042)
Motivation
CO05 Positive "I liked that it was taught clearly and without too much pressure, and
Atmosphere the lab was fun every time." (5058)
C06 Clinical "I liked going to learn in the clinic, which made me feel closer to
Setting becoming a dentist..." (S008)
C07 Specific "] liked getting to practice doing sealants." (S009)
Clinical Skills
C08 Knowledge | "...I reviewed knowledge from other lectures such as cariology,
Integration perio, and dental anatomy..." (5015)
"The schedule was well arranged, each session's content was well
C09 Course . .
o balanced and usable in practice, and students' knowledge was
Organization . N
assessed appropriately." (5041)
C10 Time & "...the downside was too little time, crammed into the end of the
Scheduling semester..." (S005)
C11 Pre- "...Ifelt unprepared, for example with the instruments, since I had
practice never actually used them and did not know how to handle the tools."
Readiness (S046)
C12 Insufficient | "There were too few supervising instructors, which made it rather
Supervision chaotic and slow to get questions answered or ask for help." (S002)
C13 Grading ...Iwould prefer no po.mt deductions, on.Iy warnings, beca}lse when
Pressure you ask and try something and make a mistake you lose points,
which makes you afraid to ask or try." (S018)
"...when studying I did not really understand the content, could not
C14 Content . .
Clarit see the overall picture, and was still confused about what was
Y what..." (S080)
C15 Desire for "...I would like more practice examining caries and calculus..."
More Practice (S066)
C16 Teaching "...the instructors could provide detailed Thai teaching handouts..."
Materials (S053)
"...I'would like to alternate lectures and labs, studying a topic one
C17 Lecture- . . .o .
. week and doing the lab on that topic the next, so it is less confusing."
Lab Sequencing

(S042)
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Appendix 2

Per-run feedback-category counts across all 27 runs

Opus GPT Gemini

i< o U 0 & O LR o G
D L A L LR LON AN AN AN L LA LN LN LR LN A I (R A AR L LN LN LA GO AN iJ

C01 Hands-on Practice

C02 Teaching Staff Quality 12 12 11 :13 13 12:19 13 16 9 17 1914 19 19 :20 24 24|14 15 13 :10 11 18 : 12 24
C03 Learning & Understanding 10 8 26 23|18 17 18:11 |28 19 23 13 2 9

CO04 Prof. Motivation 6 7 20115 18 15 17 : 13 CEN 12 ] 13

C05 Positive Atmosphere 9 9 8 9 1 9 15 8 12 9 12 6 12
C06 Clinical Setting 12 11 12:13 18 13 15 8 16

C07 Specific Clinical Skills 4.8 6 7 6 8 8 7

C08 Knowledge Integration 7 8 6 6 9 7 12 1 3

C09 Course Organization 4 3 3 3 11 2 2 5 1

C10 Time & Scheduling 5 5 515 5 5 7 4

C11 Pre-practice Readiness 6 5 5} 7 6 4

C12 Insufficient Supervision 4 4 4 4 4 4 g 4

C13 Grading Pressure 2 2 2 2 2 2 1 2

C14 Content Clarity 3 3 7

C15 Desire for More Practice 2 2 1 2 2 5

C16 Teaching Materials 3 4 4 3 E

C17 Lecture-Lab Sequencing 2 3 E 5 E 1

Each column represents one run, and each cell gives the mention count for a canonical feedback
category. The main-text Figure 4 aggregates these by model and prompt and marks with an
asterisk (*) any category not detected in all three repetitions of a cell.
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Appendix 3: Prompts

* Prompt 1 (Detailed Procedural, 372 lines)

# Dental Course Evaluation Analysis — Full Pipeline

You are analyzing anonymized student evaluation data for a preventive dentistry course taught to 3rd-year
dental students across three academic years.

**Execute all steps below in order. Write Python code and run it to produce each output file.**

**Python environment**: Use the “dental-eval® conda environment. Run all Python commands with “conda
run -n dental-eval python ..." (it has pandas, openpyxl, matplotlib, numpy).

## Section A: Data Description

“Input file**: *({DATA_FILE}}"
- Single sheet named “feedbacks’, 89 rows, 6 columns
- All student IDs are already anonymized (S001-5089)

| Column | Type | Description |

oo oo |

‘student_id" | str | Anonymized ID (S001-S089) |

| “academic_year" | int | 2566 (n=29), 2567 (n=30), 2568 (n=30) |

| “satisfaction_teaching_process™ | int | Likert 1-5 |
“satisfaction_learning” | int | Likert 1-5 |

“dissatisfaction_rating" | int | 1-5 (1 = no dissatisfaction) |

| “likes_dislikes | str | Thai free-text feedback (some rows are null) |

**First step**: Read the xIsx file with pandas + openpyxl. Confirm the shape and column names before
proceeding.

## Section B: Output 1 — “{{RUN_DIR}}/statistics_summary.md"
Compute descriptive statistics and write a Markdown report.
### Structure:

“markdown
# Statistical Summary Report

euauanisiinmsianuiove lalunisGaunisaen

## Data Overview

| s1ems | Swau |
[
| Swowii@aiamun | XX au |
| nsdinmn 2566 | XX au |
| Bnsdinmn 2567 | XX au |
| Tnsdinmn 2568 | XX au |

## Satisfaction Scores Summary

### 1. pawitanalanszuaunisaeu (Satisfaction with Teaching Process)

| #nsnen | N | Mean | SD | Min | Max | Median |
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[ 2566 | o | oo | o | e | e | e |

| 2567 | oo | o | v | e | e | e |

[ 2568 | oo | oo | v | e | e | e |

| **i’]ll"llmﬁ** **“.** | "k*“.** | **.“** | **.“** **.“** **.“**
Repeat the table for:

- **2. awitewalannaieuf (Satisfaction with Learning)**
- **3, auliilenela (Dissatisfaction Rating)**

**Important notes on statistics**:

- Mean rounded to 2 decimal places, SD rounded to 2 decimal places

- Median rounded to 1 decimal place (e.g., 5.0, 4.5, 1.0)

- Min and Max as integers

- N = count of non-null values for that column in that year group

- For dissatisfaction_rating, note that some rows may have null values — use *.dropna()" before computing

### Frequency Distribution (samni)

For each of the 3 metrics, create a table:

““markdown
#H## pouianalanszuounisaey

| Azw | Swou | Jewar |

1] | % |
12| % |
13 ] o | % |
4] o] % |
15| % |

Percentages should be of the non-null total for that column, rounded to 1 decimal place.
### Key Findings section
Write in Thai:

““markdown
## Key Findings

### nan1siinmnilagsn

1. **aoudtenelansziounissanr: ansaesan X. XX (SD=X.XX) agluszsi...
- 3 XXXX fidedngagn (X.XX)
- I XXXX fidsdnsngn (X.XX)...

2. FFauitanelanseug: ...
3. **anwlifawalar: ..
#H## apd

- [3-5 bullet points summarizing the key findings]

End with:

*Report generated from deduplicated data (89 unique students)*
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## Section C: Detailed Thematic Analysis (do this BEFORE the summary)
### What to do

Read every non-null “likes_dislikes™ entry. Each entry is Thai free-text that may contain things the student
liked, disliked, or both.

**Your task**: Discover thematic categories by reading all the feedback. Do NOT use pre-defined categories.
Instead:

1. Read through all feedback entries

2. Identify recurring themes for "likes" (fsirev) and "dislikes/suggestions" (dslizeu/dowuenny) that naturally
emerge from the text

3. Name each category with a Thai label and English translation

4. Assign each student's feedback to the appropriate categories (a student can appear in multiple categories)

### Output file: "{{RUN_DIR}}/feedback_analysis_llm.md"

““markdown
# Feedback Analysis (LLM-Based)

msdrzianuAninanuuulszifiuacaitonela Tnald LLM unséruuazdnngudenans

## Data Summary

| nsfinen | Swoulidn | Swaunaudeudiu |

| | | |
| 2566 | ... | ... |

| 2567 | ... | ... |

| 2568 | ... | ... |

E | *k kk

| HE g e

Count "susuaudndiv as non-null entries in “likes_dislikes™ per year.
### Likes Section

For each discovered category:

“markdown
## dtiveu (Likes)

### 1. [Thai Category Name] / [English Translation]

s XX aur

[2-3 sentence Thai description of what students said in this category]

| StudentID | # | Aowidaiiu |

| || |

| SXXX | 2566 | [relevant excerpt from feedback] |
| SXXX | 2567 | [relevant excerpt] |

### Dislikes Section
Same format:

“markdown
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## Adilinoudeauauns (Dislikes & Suggestions)

### 1. [Thai Category Name] / [English Translation]

**dnuau: XX au

[2-3 sentence Thai description]

| Student ID | # | Aowdaiiu |

| || |

| SXXX | 2566 | [relevant excerpt] |
[ I

**Formatting rules**:

- Use the anonymized student IDs (S001-5089) from the data

- For students whose feedback contains both likes and dislikes, show the full text under the relevant "like"
category, and use "..." prefix/suffix when showing partial quotes under "dislike" categories

- A single student can appear in multiple categories

- Show the original Thai text as-is — do not translate or modify

## Section D: Feedback Summary (write AFTER Section C, using its results)

This is a summary-level report derived from the detailed analysis in Section C. It contains NO individual
student rows — only aggregate counts and observations.

### Output file: "{{RUN_DIR}}/feedback_summary.md"

““markdown
# Feedback Summary Report

agnmsananuAndivanuuLlszfiuaniiinela

## Data Summary

| Bnsfine | dwdidn | dwauannudnauiu |

| | | |
| 2566 | ... | ... |

| 2567 | ... | ... |

| 2568 | ... | ... |

I** *k **l** *k

PRt Vit

### Cross-tabulation tables

Use the **same categories and counts** discovered in Section C. Reproduce the cross-tabulation tables for
likes and dislikes (same data, just without individual student rows).

### Observations
Write in Thai:

““markdown
## wnliuuazdedann

1. **qauzesnsdamazaunmsaeunaznisGaud: .
2. **uualiluwsiazilnisdne: .. (describe what changed or stayed consistent across years)
3. Pdaauauuz ..

4. [Additional observations if any]
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*Summary generated using LLM-based text analysis ({{MODEL_NAME}})*

## Section E: Four PNG Charts

Write Python code to generate 4 chart files. Use “pandas’, “matplotlib’, and "numpy".
### Chart 1: "{{RUN_DIR}}/figures/1_satisfaction_charts.png’

**QOverview bar chart** — 1x3 subplots showing all 3 metrics side by side.

- Figure size: (14, 5)°
- Main title (bold): “'Satisfaction Survey Results by Academic Year"
- 3 subplots, one per metric:
- Subplot 1: “satisfaction_teaching_process™ — title “'Teaching Process"
- Subplot 2: “satisfaction_learning™ — title “'Learning"
- Subplot 3: “dissatisfaction_rating™ — title “'Dissatisfaction"
- Each subplot: bars for years 2566, 2567, 2568 (x-axis)
- Colors: *['#4472C4', '#ED7D31', '#70AD47']" (blue for subplot 1, orange for subplot 2, green for subplot 3)
- Bar edge: black, linewidth 0.5
- Y-axis: 0 to 5.5, label *'Score"
- X-axis: label “'Academic Year", ticks at [2566, 2567, 2568]
- Value labels: mean value (2 decimal) on top of each bar, bold, fontsize 10
- Sample size: white bold text “'n=XX" inside each bar at y=0.3
- Gridlines: horizontal dashed, alpha 0.7
- DPI: 150, white background, tight layout

### Charts 2-4: Detailed per-metric charts

Each chart has **1x4 subplots** (figure size “16x4.5"):
- **Left subplot**: mean bars by year (same as Chart 1 for that metric)
- **Right 3 subplots**: rating frequency histograms, one per year

**Chart 2**: *{{RUN_DIR}}/figures/2_satisfaction_teaching_process.png’
- Color: "#4472C4" (blue)
- Title: “'Satisfaction with Teaching Process"

**Chart 3**: {{RUN_DIR}}/figures/3_satisfaction_learning.png
- Color: “#ED7D31" (orange)
- Title: “'Satisfaction with Learning"

**Chart 4**: *{{RUN_DIR}}/figures/4_dissatisfaction_rating.png’
- Color: "#70AD47" (green)
- Title: “'Dissatisfaction Rating"

**Histogram subplot details**:

- X-axis: ratings 1-5, range 0.5 to 5.5

- Y-axis: count of students

- Bar color: gray “#B0B0B0", edge “#808080°, linewidth 0.5

- Count labels on top of each bar (only if count > 0), fontsize 9
- Vertical line at mean: color = metric color, linewidth 3, solid
- Mean annotation: “f'{mean:.2f}", bold, dark text “#333333", fontsize 11, positioned at 85% of max count
height, right-aligned just left of the line

- Title: *f'Year {year}\n(n={count})"

- X-axis label: “'Rating"

- Y-axis label: “'Count"”

- Gridlines: horizontal dashed, alpha 0.5

**Left subplot title**: “'All Years"
- Has the same bar chart as Chart 1 (means by year with n= labels)

All charts: DPI 150, white background, tight layout.
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## Section F: Execution Order
Follow this exact sequence:

1. **Read data**: Load “{{DATA_FILE}}, verify shape and columns

2. **Statistics**: Compute all statistics — write “{{RUN_DIRY}}/statistics_summary.md"

3. **Detailed thematic analysis**: Read all Thai feedback, discover categories, code each student — write
“{{RUN_DIR}}/feedback_analysis_llm.md"

4.  **Feedback  summary**: Summarize the categories from step 3 —  write
“{{RUN_DIR}}/feedback_summary.md"

5. **Charts**: Write Python visualization code — execute — save 4 PNGs to "{{RUN_DIR}}/figures/*

6. **Save scripts**: Save all Python code used in the analysis to “{{RUN_DIR}}/" (e.g.
“{{RUN_DIR}}/ generate_statistics.py’, "{{RUN_DIR}}/ generate_charts.py")

7. **Verify**: List all output files and confirm they exist

**Critical requirements**:

- All student IDs must use the anonymized format from the data (S001-5089)

- All Thai text in feedback must be preserved exactly as-is

- Statistical values must be computed from the data (not hardcoded)

- Thematic categories must be discovered from the data — do not use pre-defined categories
- All chart text (titles, labels, annotations) must be in English

## Section G: Completion Gate (MUST PASS BEFORE FINISHING)

Do not stop after writing code. You must execute the scripts and verify all required outputs exist and are non-
empty.

Required files (must exist and file size > 0):
- {{RUN_DIR}}/ statistics_summary.md"

- "{{RUN_DIRY}}/feedback_analysis_llm.md"

- {{RUN_DIR}}/feedback_summary.md*

- {{RUN_DIR}}/ generate_statistics.py"

- {{RUN_DIRY}}/ generate_feedback_reports.py"

- {{RUN_DIR}}/ generate_charts.py"

- {{RUN_DIR}}/figures/1_satisfaction_charts.png’

- {{RUN_DIRY}}/figures/2_satisfaction_teaching process.png’
- {{RUN_DIRY}}/figures/3_satisfaction_learning.png’

- {{RUN_DIRY}}/figures/4_dissatisfaction_rating.png"

At the end, run verification commands and print their output:

““bash
Is -1h {{RUN_DIR}} {{RUN_DIR}}/figures
for fin '\
{{RUN_DIRY}}/statistics_summary.md \
{{RUN_DIR}}/feedback_analysis_llm.md \
{{RUN_DIR}}/feedback_summary.md \
{{RUN_DIR}}/ generate_statistics.py \
{{RUN_DIRY}}/ generate_feedback_reports.py \
{{RUN_DIR}}/ generate_charts.py \
{{RUN_DIR}}/figures/1_satisfaction_charts.png \
{{RUN_DIR}}/figures/2_satisfaction_teaching_process.png \
{{RUN_DIR}}/figures/3_satisfaction_learning.png \
{{RUN_DIR}}/figures/4_dissatisfaction_rating.png; do
test -s "$f" | | { echo "MISSING_OR_EMPTY: $f"; exit 1; }
done
echo "ALL_REQUIRED_OUTPUTS_PRESENT"

If any check fails, continue working and rerun generation until all checks pass.
Only finish after printing "ALL_REQUIRED_OUTPUTS_PRESENT".
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* Prompt 2 (Structured-Concise, 101 lines)

# Dental Course Evaluation Analysis — Structured-Concise

You are analyzing anonymized student evaluation data for a preventive dentistry course taught to 3rd-year
dental students across three academic years.

**Execute all steps below in order. Write Python code and run it to produce each output file.**

**Python environment**: Use the “dental-eval® conda environment. Run all Python commands with “conda
run -n dental-eval python ..." (it has pandas, openpyxl, matplotlib, numpy).

## Data Description

“*Input file**; ‘({DATA_FILE}}"

- Single sheet named “feedbacks", 89 rows, 6 columns

- Columns: “student_id> (str, S001-5089), ‘academic_year® (int: 2566/2567/2568),
“satisfaction_teaching_process™ (Likert 1-5), “satisfaction_learning" (Likert 1-5), “dissatisfaction_rating" (1-5, 1
= no dissatisfaction), "likes_dislikes" (Thai free-text, some null)

- Year distribution: 2566 (n=29), 2567 (n=30), 2568 (n=30)

Read the xlsx file with pandas + openpyxl. Confirm shape and columns before proceeding.

## Output 1: “{{RUN_DIR}}/statistics_summary.md*

Compute descriptive statistics (N, mean, SD, min, max, median) for all 3 satisfaction/ dissatisfaction metrics,
grouped by academic year and overall. Include frequency distributions for each metric across all years
combined. Write key findings in Thai summarizing trends across years. Round means and SDs to 2 decimal
places, percentages to 1 decimal place. Handle null values with *.dropna()".

## Output 2: “{{RUN_DIR}}/ feedback_analysis_llm.md"

**Do this BEFORE the summary.** Read every non-null "likes_dislikes" entry. Discover thematic categories
by reading all feedback — do NOT use pre-defined categories.

For each category, provide:

- Thai category name with English translation

- Count of students in the category

- Brief Thai description of what students said

- Table with Student ID, academic year, and original Thai text (preserved exactly as-is)

Organize into "asiweu (Likes)" and "&siilimeuidaiausuns (Dislikes & Suggestions)" sections. A student can appear in
multiple categories.

## Output 3: “{{RUN_DIR}}/feedback_summary.md"
**Write AFTER the detailed analysis, using its results.** Summary-level report with NO individual student
rows — only aggregate counts and cross-tabulation tables using the same categories from the detailed

analysis. Include Thai observations on trends across years and recommendations. End with: “*Summary
generated using LLM-based text analysis ({{MODEL_NAME}})**

## Output 4: Charts in “{{RUN_DIR}}/figures/"

Generate 4 PNG chart files (DPI 150, white background, tight layout):
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1. ***1_satisfaction_charts.png™** — Overview: 1x3 subplot bar chart showing mean scores by year for all 3
metrics

2.**2_satisfaction_teaching_process.png™** — Detail: mean bars + per-year rating histograms with mean line
3. **'3_satisfaction_learning.png™** — Detail: same layout as chart 2

4.**4_dissatisfaction_rating.png™** — Detail: same layout as chart 2

Use distinct colors per metric. Include sample sizes and value labels on bars.

## Save Scripts

Save all Python code used to ‘{{RUN_DIR}}/" (e.g. ‘generate_statistics.py’, ‘generate_charts.py",
“generate_feedback_reports.py").

## Completion Gate

Required files (must exist and file size > 0):

- {{RUN_DIR}}/ statistics_summary.md"

- {{RUN_DIRY}}/feedback_analysis_llm.md"

- {{RUN_DIRY}}/feedback_summary.md*

- {{RUN_DIR}}/ generate_statistics.py”

- {{RUN_DIRY}}/ generate_feedback_reports.py"

- {{RUN_DIR}}/ generate_charts.py"

- {{RUN_DIR}}/ figures/1_satisfaction_charts.png’

- {{RUN_DIR}}/figures/2_satisfaction_teaching_process.png’
- {{RUN_DIRY}}/figures/3_satisfaction_learning.png’
- {{RUN_DIRY}}/figures/4_dissatisfaction_rating.png"

Verify all outputs exist and are non-empty before finishing:

““bash
Is -1h {{RUN_DIR}} {{RUN_DIR}}/figures
for fin '\
{{RUN_DIR
{{RUN_DIR
{{RUN_DIR
{{RUN_DIR
{{RUN_DIR
{{RUN_DIR
{{
{{
{{

/ statistics_summary.md \

/feedback_analysis_llm.md \

/feedback_summary.md \

/ generate_statistics.py \

/ generate_feedback_reports.py \

/ generate_charts.py \

/figures/1_satisfaction_charts.png \

/figures/2_satisfaction_teaching_process.png \

RUN_DIRY}}/figures/3_satisfaction_learning.png \

{{RUN_DIR}}/figures/4_dissatisfaction_rating.png; do
test -s "$f" | | { echo "MISSING_OR_EMPTY: $f"; exit 1; }

done

echo "ALL_REQUIRED_OUTPUTS_PRESENT"

RUN_DIR
RUN_DIR

NN AN AN AN SR A A
s S S

Only finish after printing "ALL_REQUIRED_OUTPUTS_PRESENT".
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* Prompt 3 (Exploratory, 21 lines)

# Dental Course Evaluation Analysis — Exploratory
You are analyzing student evaluation data for a preventive dentistry course.
Data: “{{DATA_FILE}}" — inspect the file to understand its structure.

**Python environment**: Use ‘conda run -n dental-eval python ..." (has pandas, openpyxl, matplotlib,
numpy).

Produce a comprehensive analysis:

1. **Statistical analysis** of satisfaction scores across years — descriptive stats, distributions, trends

2. **Thematic categorization** of Thai free-text feedback — discover categories from the data, show student-
level detail with IDs and original text

3. *Summary of findings** with trends and recommendations (write observations in Thai)

4. **Visualizations** that communicate the results effectively — overview and per-metric detail charts

Save all outputs (reports, charts, Python scripts) to "{{RUN_DIR}}/".
Place chart images in “{{RUN_DIR}}/figures/".

End with “*Analysis generated using {{MODEL_NAME}}*" in your summary report.

Save the Python scripts you create. Verify outputs at the end.
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