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Toward Scalable Assessment of Undergraduate Reflective Practice: Comparing Multiple 

Reflection Quality Codebook Validation Approaches  
 

Abstract 

This methods-focused empirical research full paper advances a theory-driven approach to qualitative 

codebook development designed for Generative AI (GenAI)-enabled analysis at scale. We combine 

qualitative interrater agreement practices with multiple quantitative reliability calculations, and we compare 

the constraints and affordances of each across two iterations of a codebook for assessing undergraduate 

STEM student reflection quality. Findings suggest triangulating multiple interrater calculations, calculating 

them for multiple codebook versions across multiple student samples, and adapting validation processes 

based on code types support the scaling of reflection quality assessment with the enablement of GenAI. 

Our methods push the boundaries of validation and reliable application of qualitative codebooks in EER 

towards a reality where we can adapt codebooks for reflection quality to specific course contexts and 

automate their application. We argue theory-driven automation-ready codebooks demand validation 

processes that ensure both human and AI coders can reliably identify the same theoretically grounded 

constructs. This standard requires (i) integrating multiple quantitative coefficients, to address different 

statistical assumptions, (ii) with qualitative interrater agreement approaches, to ensure shared construct 

understanding and dataset limitations, and (iii) considerations for latent versus semantic meaning in data. 

Without this, automated reflection quality assessment risks scaling error rather than insight.  

 

I.   Introduction 

Generative AI (GenAI) is making it possible to analyze qualitative data at unprecedented scale [1], [2], [3], 

[4], but it is also making weak codebooks dangerous, because the codebook functions as a measurement 

instrument that shapes what counts as evidence and what conclusions are defensible. In much of 

Engineering Education Research (EER), codebooks tend to be treated as locally useful artifacts; often 

justified through face validity and applied in bounded contexts [5]. That approach becomes a major 

vulnerability in GenAI-enabled qualitative research, where codebooks are increasingly used to support 

automated qualitative coding enabling large-scale inference.  

In response, we critically examine what it takes to develop automation-ready qualitative 

codebooks, defined as codebooks intended not only for human interpretation but for scalable, GenAI-

assisted application. Specifically, we analyze how different interrater agreement and reliability approaches, 

each with distinct assumptions and sensitivities, shape the development trajectory of a codebook and claims 

that can be made about its defensibility [6], [7], [8]. We focus on codebooks as measurement instruments 

and on validation evidence needed before scaling, therefore a full treatment of agent design and prompting 

is reserved for future work; we do however include examples showing how elements of the human-facing 

codebook were translated into instructions for a GenAI coding system.  

We situate this methodological contribution in a larger study of reflection quality, using reflective 

writing as a deliberately challenging test case. Reflection quality is a historically difficult, latent construct 

to operationalize and assess with both human raters and automated NLP techniques due to inconsistent 

definitions, contextual variability, and the subjectivity of students’ meaning making [9], [10]. Building on 

our prior work, we use a reflection quality codebook we previously developed that nests semantic 

(“situatedness”) and latent (“abstraction”) codes. This design makes it possible to probe how different 

codebook development approaches handle interpretive (latent) versus surface-level (semantic) coding, and 

what kinds of weaknesses each approach reveals, directly answering our research questions: 

RQ1: How do different interrater reliability approaches and assumptions shape conclusions about 

developing qualitative codebook quality, particularly across semantic versus latent codes? 

RQ2: What combination of validation approaches provides evidence for refining a codebook prior 

to scaling GenAI-assisted coding, especially for small, exploratory development datasets? 

We make three methodological claims based on findings: (1) common agreement and reliability metrics 

embed assumptions about code prevalence, rater behavior, and error structure that can materially change 
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conclusions about a developing codebook; (2) latent coding introduces distinct challenges for both human 

and GenAI raters, and effective refinements depend on rater positionality (e.g., expertise and local, 

contextual knowledge); and (3) especially when smaller, exploratory datasets are used for codebook 

development, mixed-method agreement analyses are necessary to build defensible evidence before scaling 

automated or semi-automated coding. To support these claims, we combine qualitative interrater agreement 

practices (e.g., negotiated coding rationales and boundary-case analysis) with multiple quantitative 

reliability calculations [6], [7], [8], and we compare the constraints and affordances of each approach across 

the two codebook iterations. We argue that, because reflective writing varies widely by course discipline, 

topic, and instructional setting, validity evidence optimized for a single dataset can be misleading when the 

intended use is scale or automation. Our contribution is therefore methodological: we show how reliance 

on single interrater reliability (IRR) metrics can misrepresent codebook performance, and how triangulating 

across methods provides clearer guidance for refinement prior to GenAI-assisted deployment. To support 

EER scholars in selecting appropriate IRR metrics, we also share a decision-tree overviewing which metrics 

are appropriate based on codebook and dataset characteristics. 

 

II.   Background and Theory  

A.    Qualitative quality and codebook-based analysis in EER 

Qualitative research in education research has long emphasized the need for transparent, well-justified 

analytical decisions and for credibility in interpretation. Frameworks for quality, including Lincoln and 

Guba’s [11] trustworthiness criteria (e.g., credibility, dependability, confirmability, and transferability) and 

subsequent EER-specific guidance (e.g., Walther et al. [12], [13]; Sochacka et al. [14]), emphasize quality 

is established through documented procedures, reflexivity, and defensible links between data, 

interpretations, and claims. At the same time, qualitative traditions differ in the role they assign to coding 

reliability. For example, Braun et al.’s [15] reflexive thematic analysis explicitly cautions against treating 

interrater reliability (IRR) as a universal marker of quality, arguing instead for coherent interpretive logic 

developed through iteration as well as transparency via documentation. 

In contrast, codebook-based approaches (especially those intended for reuse, comparison across 

contexts, or scaled application) often do require evidence that independent coders can apply the scheme in 

a consistent and interpretable way [7]. Recent work highlights inconsistencies of how EER reports and 

justifies codebook agreement.  Martin et al.’s [5] systematic review found gaps in research articles’ 

descriptions of reliability metrics and disagreement resolution processes, highlighting the need for clearly 

explained agreement using specific frameworks and documentation of analytical decisions used in 

resolutions . They also noted the importance of mixed method approaches to establishing agreement, as the 

“interpretive process of qualitative analysis” [5, p. 10] cannot be comprehensively described by quantitative 

measures like agreement coefficients, or perhaps worse, face validity assumptions alone. Additionally, 

single-metric or method validation can mislead scholars about codebook quality [5], [7].  

A second (and often underappreciated) issue is that agreement and reliability statistics embed 

assumptions about code prevalence, rater behavior, and error structure. Gwet [7] and related methodological 

work show commonly used coefficients can behave counterintuitively under conditions typical of 

developing codebooks (e.g., rare codes, skewed distributions, evolving code definitions). In a single-dataset 

study, rare codes may never appear in sufficient quantity to evaluate systematically, and researchers often 

can justify interpretations of those few instances through reflexive team discussions and transparent 

memoing. However, when a codebook is intended for scaled GenAI use, operating conditions can quickly 

change: the same codes may be common in one population and rare in another and shifting base rates can 

affect both agreement statistics and the practical consequences of misclassification. As a result of these 

shifting base rates, relying on a single metrics alone like Cohen’s Kappa by itself, without corroboration 

with additional metrics like Krippendorf’s Alpha, can lead researchers to overestimate or underestimate 

codebook quality [7]. Multiple varied IRR metrics’ have varied statistical assumptions and meanings that, 

when combined, can account for errors in single metrics alone due to use on unbalanced datasets, for 

example (discussed in more detail later). These concerns motivated our focus on triangulating agreement 
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evidence with multiple complementary approaches, particularly important for codebooks mixing semantic 

(surface) and latent codes (interpretive). 

 

B. GenAI for qualitative research: automation changes evidence required for quality 

EER scholars have recently emphasized that GenAI may streamline parts of qualitative workflows, but only 

if researchers maintain human oversight, ensure privacy and data control, and make analytic assumptions 

transparent [2], [5]. We align with this call to uphold established qualitative standards, but we also argue 

that automation increases the standard of evidence required. When qualitative coding is scaled through 

GenAI-assisted protocols, the claims supported by the codebook typically extend beyond a single local 

analysis: codes may be applied to larger datasets, compared across settings, or used to generate aggregated 

inferences more quickly than traditional qualitative workflows allow. Under these conditions, “standard” 

reporting of agreement processes is necessary but may not be sufficient.  

Efforts to scale qualitative analysis have a long history in natural language processing (NLP), 

including bag-of-words and dictionary methods, supervised classification, and topic modeling. These 

approaches can be powerful, but they struggle with context dependence and latent meaning [3]. More recent 

transformer-based language models have expanded what is technically feasible, including zero-/few-shot 

classification and instruction-following systems that can apply codes across large datasets [16], [17], [18]. 

These developments are able to leverage greater context and integrate into existing qualitative research 

workflows [19], [20], and they have prompted growing experimentation in education research and EER 

with AI-supported qualitative coding, summarization, codebook development, etc. [1], [2], [21]. At the 

same time, model outputs remain sensitive to prompt framing, category ambiguity, and hidden assumptions 

in the coding scheme itself [22], [23], [24], [25] making the codebook comparisons a central determinant 

of what automated systems can do reliably [4]. For example, in their 2025 study, Fuchs et al. [23] found 

adding synthetic data improved NLP classification accuracy from 68% to 81%, but that models produced 

transcripts with extraneous information and failed to capture discourse as instructor-dominated (an analysis 

which would require uncovering assumptions in the data). 

 

C. Reflection quality as a motivating case and testbed 

We situate this methodological contribution in our larger study of reflection quality in engineering 

education. Existing theory for students’ development of reflective writing and thinking provide assessment 

scales for reflection quality in general education contexts, but they tend to focus solely on the content or 

the process of reflection [26], [27], [28], [29], [30], [31], neglecting the ways in which they interact as 

reflective practices deepen [27], [32]. Models are typically implemented through custom rubrics in single 

courses, with modest transferability to specific STEM disciplines’ technical, context-bound tasks. To 

connect content to process, our codebook is nested for situatedness and abstraction elements of reflection 

quality, grounded in Ryan & Ryan’s 4R model [32]. Situatedness is “the content of student reflection 

responses that may include various elements related to their personal or academic experiences, [and] their 

broader discipline or field” and abstraction is “the process by which students distill and generalize 

experiences and knowledge in reflections” [33, p. 1]. In both codebooks (V2 and V3), situatedness codes 

included course contextual factors expected to surface in reflections on learning (e.g., activities A, learning 

objectives L, academic disciplines D, personal connections P, connections with others O, group experiences 

G). Providing the nested nature of the codebook, these codes were each stratified with sub-codes spanning 

responding R1, relating R2, reasoning R3, and reconstruction R4 levels of abstraction. See Appendices A 

and B for the codebook versions at the center of this study. 

To illustrate the value of our nested codebook, consider how reflection assessment involves not just 

analyzing “what” is being discussed, but also “how” the "what" is mentioned [28], [32]. We want to know 

if students are reflecting on content situated to their specific course (i.e., learning activities, outcomes, 

interactions with others) or not, but we also want to know if they are displaying a change in thinking, or 

abstracting that content. For example, there are differences between students changing their thinking, 

indicating reconstruction (R4), reasoning (R3) about a given situation, and simply repeating back a response 

to specific course content based on a given question (R1).  
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Coding not just content (via situatedness codes) but also abstraction level of that content is desirable 

for researchers and educators alike because of the interplay between these elements of reflection [9], [33]. 

For instance, as biomedical engineering (BME) students develop skills to reflect on course-specific content, 

they develop situated reflective practice, developing not just as general humans in general education, but 

as biomedical engineers in BME. And, as they develop that situated practice, their abilities to abstract within 

it co-develop [34]. We therefore argue that reflection quality operationalized in our codebook is an 

important case for studying qualitative coding automation with GenAI because it has been historically 

difficult to do, and our tiered codebook challenges IRR for human researchers and AI agents with combined 

content (semantic) and abstract (latent) codes [15]. 

Drawing on Braun & Clarke’s [35] book on thematic analysis, qualitative coding in general can be 

understood along a continuum from semantic to latent meaning. Semantic codes capture ideas that are 

explicitly stated in participants' data, even if not in participants' exact words, while latent codes require 

coders to interpret meaning concealed or abstracted from what the data immediately presents. This is not a 

binary distinction, and neither type is inherently more sophisticated; latent coding simply tends to be less 

immediately evident and requires coders to move further from the data toward theoretical inference. 

Importantly, latent coding does not imply unconscious meaning – students can and do demonstrate 

metacognition explicitly – but it does require interpretive work to surface meaning not fully recoverable 

from text alone. In this study, these two types are operationalized through the nested structure of our 

codebook: situatedness codes (A, L, D, P, O, G) function primarily as semantic codes, capturing content 

explicitly referenced in student reflections that can often be identified through relatively direct reading of 

the text, while abstraction codes (R1–R4) are latent, requiring coders to interpret not just what a student 

mentions but how that content is engaged. This distinction is made for GenAI-supported analysis, as current 

large language models are more sensitive to surface cues than to the kind of interpretive, theory-grounded 

judgment latent coding of student reflection data demands [22], [23], [24], [25]. 

 

III.   Methods   

To answer our research question, we present our GenAI-enabled codebook development process from one 

version of our codebook to the next, first describing two human researchers’ effort coding 20 student 

reflection sessions (92 responses in all) with Version 2 (V2) of our codebook (see Appendix A). Then, we 

present our qualitative interrater agreement validation along with varying quantitative IRR analyses of that 

coding. Qualitative validation aimed toward representativeness, parsimony, mutual exclusivity, clarity of 

code definitions, and addressing instances of potential coder bias [6], [8]. Quantitative measures included 

simple percent agreement Cohen’s Kappa, Krippendorf’s Alpha, and Gwet’s AC1 [7]. Results from these 

varied agreement analyses on V2 coding informed the development of codebook Version 3 (V3) (see 

Appendix B), which our two human researchers used to code an additional 10 reflection sessions (44 

responses in all). We share the results of these analyses and discuss how the merits and limitations of 

varying codebook validation efforts separately (and together) informed codebook versioning. We also 

employed multi-agent GenAI-enabled coding, enabled by GPT-4.1 and based on system prompt and multi-

agent flow design recommendations from OpenAI, of the same excerpts for both codebooks (V2 and V3), 

though they are not the focus of this paper. Details on quantitative IRR methods and justifications are in 

Appendix C.  

A.   Research Participants and Data Collection   

 This study sampled from a broader dataset of over 3,000 reflection assignments tied to in-class activities 

in undergraduate STEM courses across multiple semesters. We focused on a set of 20 and 10 reflection 

sessions (with 92 and 44 individual responses each) using both V2 and V3 codebooks respectively. Student 

participants were enrolled in a Physics lab (Fall 2024), Biomedical Engineering seminar (Spring 2024) or 

a summer research experience (Summer 2025), and were required to respond to administered reflection 

questions associated with participation in course activities such as labs, discussions, exams, and quizzes. 

Sometimes assignments featured a single reflection question, and other times sessions involved multiple. 
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At the start of a sampled course, students were given the option to provide IRB-approved (#0148748) 

informed consent to allow us to use their responses for research.  

The 92 responses used for V2 coding were drawn from the Physics lab and Biomedical Engineering 

seminar, while the 44 responses used for V3 coding were drawn from both these classes and a summer 

research experience, providing cross-context variability across codebook iterations. Reflection prompts 

varied in specificity and focus across sessions — some targeting technical course content (e.g., lab 

procedures, exam review) such as “Describe how your team dynamics influenced the outcomes of your 

desert island activity this week compared to last week,” others targeting broader professional or personal 

development, like “Describe how one's own biases may impact engineering design in biomedical 

engineering.” This meant our dataset captured a range of situatedness and abstraction patterns likely to 

surface in practice. Individual responses ranged in length and depth, from a single sentence to several 

paragraphs.  

These dataset characteristics influenced coding for both human and GenAI raters: human raters’ 

direct familiarity with courses, instructors, and activities students reflect on provided contextual grounding 

that supported human interpretation of more ambiguous responses.  For instance, one BME seminar activity 

had students role-play as clinical team members treating a simulated patient, an orange named “Leah.” 

When a student wrote, “the information I had on Leah eating the bad shrimp was important in determining 

a treatment plan that would cover all the bases and get her healthy again... the kindergarten teacher's skills 
in first aid also helped with the balance of things to do to treat Leah,” our research team immediately 

recognized “Leah” was an orange used as a prop in a structured class activity, and we could interpret the 

reflection accordingly. However, a GenAI rater encountering the same excerpt has no context, which could 

distort coding beyond what the student is describing to the degree of abstraction the student is actually 

demonstrating. As such, for the GenAI rater, this variability across contexts and prompt types challenged 

not just identification of surface-level or semantic content in student reflections, but also the more latent, 

inferential judgments about abstraction level. 

B.   Limitations 

Importantly, the larger corpus (3000+ student reflections) associated with our study stemmed from 

collection in only three classes, though these courses did vary widely in both content and instructional 

format and reflections were collected throughout multiple semesters across a variety of activities. Only 

smaller samples from this corpus (136 reflections) were used for this portion of codebook validation and 

development, though previous versions of our codebook had been used on 400+ reflections, limiting our 

study’s external validity in important ways. First, two coders from the same institutional context may share 

implicit assumptions about student reflection that would not hold across research teams, disciplines, or 

institutions, meaning our interrater findings may underestimate the disagreement that would emerge with 

greater rater diversity. Second, the specific patterns we observed, and recommendations made based on 

them, may be characteristic of our particular dataset’s distribution rather than reflective of broader trends. 

In future studies we plan to extend validation beyond currently sampled courses and to researchers outside 

of our group to continue expanding the representativeness of our dataset.  

C.  Positionality Statement    

Three authors were involved in all data collection and analysis, and all team members are familiar with the 

institutions, courses, and activities reflection data stem from. Our contextual understanding was critical to 

supporting development of codes expected to surface in data as well as the interpretation of results. 

 

IV.   Findings and Discussion 

GenAI is changing the scale and speed at which researchers can apply qualitative codebooks, but the field 

still lacks clear guidance on what constitutes defensible agreement evidence when a codebook is intended 

for semi-automated or automated use. Prior work has emphasized transparent reporting and limitations of 

single-metric approaches [2], [5], [7], yet a practical question remains: how do different agreement methods 
shape conclusions researchers draw while a codebook is being developed? We address this by integrating 

quantitative agreement indices, qualitative interrater debriefing (rationales, boundary cases, disagreement 
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resolution), and comparison across codebook versions. We present results and discussion as claims to 

synthesize this multi-method record into transferable insight, highlighting assumptions each method brings, 

failure modes revealed or obscured, and specific code refinement decisions it supports.  

 

Claim #1: Agreement metrics are not neutral; they have embedded assumptions. Under skew and rare 

codes, metrics can yield sharply different conclusions about the same codebook. 

 

Table C.0 in Appendix C summarizes agreement evidence for V2 vs. V3 codebooks and two human raters’ 

coding. Table 1 below highlights a few results for discussion. Across most codes, V3 showed improvement 

relative to V2, consistent with our intentions and goals for codebook improvement. We present detailed 

calculations in Appendix C.  

 

Table 1. Individual Code Reliability Metrics: V2 vs V3 Codebook Comparison. We report out Cohen’s 
Kappa (κ) for V2 and V3 codebooks, the change in Cohen’s Kappa from V2 to V3 (Δκ), the percent 

agreement (Agr%), Krippendorf’s Alpha (α). 

Code  V2 κ  V3 κ  Δκ  V2 Agr%  V3 Agr%  V3 α  

O.R1  0.224  0.550  +0.326  73.9  90.7  0.311  

O.R2  0.000  —  —  91.3  100.0  —  

D.R1  0.383  0.239  −0.144  91.3  81.4  0.205  

D.R2  0.000  —  —  95.7  100.0  —  

Note: Kappa (κ) measures interrater agreement beyond chance; Δκ is the change in Kappa from V2 to V3 with positive 
values indicating improvement; percent agreement (Agr%) captures the proportion of excerpts coded identically by raters 

without accounting for chance; and Alpha (α) assesses agreement while accommodating unbalanced code distributions.  

 

Between V2 and V3, we saw improvements in metrics for almost all codes (except L.R2), suggesting 

changes made between versions helped improve reliability. That said, the appropriateness of each metric 

and changes made to codebooks based on them differed depending on the nature of the codes and data used 

for validation. For example, since simple percent agreement calculations do not account for percent chance, 

Cohen’s Kappa is considered more accurate; however, Kappa suffers from are commonly termed paradoxes 

of Kappa [7]. The first paradox is if percent chance agreement is large, Kappa calculations can convert a 

relatively high value percent agreement to a relatively low Kappa; the second is that unbalanced totals (or 

marginal application of codes) produce higher Kappa values than balanced totals [7]. 

Our dataset, though relatively diverse across different student populations, exhibited both 

paradoxes. For instance, during our interrater discussions, we found one rater was consistently applying R4 

more often than the other (confirmed by IRR data), and this was not the only source of imbalance. Some 

codes, like O.R2 and D.R2, showed high percent agreement (91.3%, 95.7%) with kappa values near zero, 

affecting interpretability of results because they were used both sparsely and by one rater more than the 

other. It was important to calculate both metrics across quant and qual, as one interpretation alone could 

have misled us or given no direction forward. Because we computed multiple coefficients understanding 

their assumptions [7] and because we also simultaneously qualitatively analyzed codes (as per [5]), we 

realized O and D codes were experiencing a complex error due to both sparse usage and unclear definitions, 

known limitations of Kappa [7], [10], [36].  

Upon inspection of the O codes and specifically places where one rater coded an excerpt as P and 

the other O, excerpts tended to actually emphasize students’ own experiences of observing teammate’s 

actions (personal connections) or working with others in action (something other than personal connections 

or connections with others) rather than describing what a teammate did (connections with others). In these 

cases, students often were writing using first-person plural language to describe collective experience, 

rather than attributing actions or perspectives to a teammate. A physics student reflecting on a lab wrote: 
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“None of my group members this week [were] Physics major[s]. This made the lab a little more 
challenging because we didn't fully understand some of the principles behind this experiment. We 

struggled a lot to start … because we weren't sure what to set as our research question.”  

A different student noted, “We did a lot of our discussion and decisions as a group in person, then finalized 

the coding and the writing of the report throughout the week remotely.” Across these and similar excerpts, 

the recurring issue was that the V2 codebook lacked a category for collective or shared group experience, 

or the “we” voice showing up in the data that was neither personal nor attributable to other individuals. 

Therefore, during qualitative inter agreement assessing representativeness, parsimony, mutual exclusivity, 

and clarity [6], [8], we determined that group-oriented reflections represented a distinct construct worthy 

of a separate code when we identified notable overlaps between "Connection with Others" (O codes) with 

"Personal Connection" (P codes), particularly when students used first-person plural language ("we") to 

describe group experiences. The new situatedness code in V3: "Group Experience" (G.R1–G.R4) captured 

shared team perspectives, collective decisions, and joint challenges conceptually distinct from either 

personal connections in “we” observations or observations about teammates' behaviors in connection with 

others. We also clarified codebook definitions so that P codes focused on students’ own lived experiences 

and perspectives, while O codes focused on others’ actions, thoughts, or contributions explicitly.  

These findings emphasize the importance of triangulating multiple interrater agreement analyses 

and of reflection on their assumptions and the balance of code application in relevant test datasets. If the 

assumptions and common issues with Kappa were unknown to us, and if we were unfamiliar with the 

possibility our dataset might not have a balanced code distribution, we would not have been able make 

improvements in the same strategic way (i.e., calculating Alpha alongside Kappa for handling unbalanced 

data). Claim 1 therefore suggests human interpretation is still particularly necessary for establishing 

construct validity, the extent to which codes capture the concepts investigators intend to assess [37], and 

content validity, the extent to which codes represent the entire domain intended [38], of codebooks and 

associated datasets for automation purposes. To support EER researchers selecting appropriate metrics, the 

decision-tree below overviews appropriate metrics based on codebook and dataset characteristics. 

 

 
Figure 1: Decision-Tree for Common IRR Metrics in EER Based on Codebook and Dataset Characteristics 
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Claim #2: Latent coding (vs semantic coding) is challenging for both humans and GenAI agents; 

improvements to address these challenges differ based on raters positionality. 

 

Tables 2 and 3 show how humans and GenAI raters were both generally more likely to agree on situatedness 

codes (semantic, content-level meaning) over more complex abstraction ones (latent, conceptual meaning). 

This finding confirms arguments for complexity based on code type [15] and suggests the automation of 

latent codes requires more human oversight and interpretation than semantic counterparts. 

 

Table 2: Percent Agreement Summary: V3 Codebook Situatedness for 2 and 3 Raters  

Situatedness Group  Avg % Agreement (2-Rater)  Avg % Agreement (3-Rater)  

A  Assignment 87.21%  72.68%  

D  Discipline 91.28%  88.95%  

G  Group Experience 92.44%  79.07%  

L  Learning Outcome 83.72%  70.35%  

O  Connection with Others 97.68%  89.71%  

P  Personal Connection 85.47%  73.86%  

 

 Table 3: Percent Agreement Summary: V3 Codebook Abstraction Level for 2 and 3 Raters 

Abstraction Level  Avg % Agreement (2-Rater)  Avg % Agreement (3-Rater)  

R1 Responding 79.77%  55.05%  

R2 Relating 98.39%  96.28%  

R3 Reasoning 83.37%  69.86%  

R4 Reconstructing 97.18%  94.64%  

 

To illustrate, during peer debriefing discussions, the abstraction codes, with higher percent agreement 

overall, were simply augmented with the addition of statements to contrast codes from one another (i.e., 

disconfirming evidence or exclusion criteria) and the provision of example keywords. In contrast, for latent 

codes, addressing disagreement (and therefore construct validity [37]) was not as simple as adding a new 

code category (e.g., G codes mentioned in Claim 1), keywords, or contrasting phrases to distinguish codes. 

Instead, we had to provide full example excerpts and justification statements for the application of 

abstraction constructs to our data to improve performance. Keywords were still provided, but example 

excerpts and justification statements established through convergent interpretation were also necessary. To 

see these codebook changes in more detail, see Appendix A (V2 codebook) and B (V3 codebook). These 

Claim 2 findings corroborate previous research suggesting semantic coding augmented by GenAI in higher 

education is currently more automatable and scalable than latent coding [3], but also reveal approaches for 

addressing challenges with automating latent codes worth future consideration.   

 

Claim #3: Multiple and mixed-method agreement analyses are key to reliable scaled deployment, 

especially when smaller, exploratory datasets are used for codebook development. 

 

Table 4 overviews the results of calculating unweighted, linear, and quadratic weighted versions of Cohen’s 

Kappa results for the V3 codebook’s abstraction codes. They provide insight into the benefits of applying 

multiple weighted calculations of Kappa for certain code types (i.e., ordinal rather than nominal) [7] in 
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combination with qualitative (and distinctly human) understanding. Details on assumptions of and 

calculations for these Kappas are in Appendix C. Note: Claim 3 differs from Claim 1 primarily for its focus 

on multimeric interrater analyses and the nature of datasets used for codebook development; Claim 1 centers 

on the embedded assumptions of interrater reliability calculations and their implications, and Claim 3 is 

about how performing multiple calculations helps the interpretation of embedded assumptions. 

 

Table 4: Weighted Cohen’s Kappa Unweighted, Linear, and Quadratic Weighted Abstraction Code Group 

Reliability: V3 Codebook Only 

Level  

Kappa, 

Unweighted  Kappa, Linear  Kappa, Quadratic  

R1 Responding 0.448  0.372  0.31  

R2 Relating 0.587  0.585  0.566  

R3 Reasoning 0.375  0.307  0.308  

R4 Reconstructing 0.541  0.463  0.352  

  

 For abstraction codes (R1-R4), we considered there to be more agreement when raters categorized 

excerpts as “reasoning R3” and “reconstructing R4” than when we categorized that same excerpt as 

“responding R1” and “reconstructing R4,” making these codes ordinal and dependent (in contrast to 

nominal and independent situatedness codes that are not ordered). This dependency is part of the latent 

nature of abstraction, which is also related to these codes abductive derivation based on theory and 

connections between situatedness (content) and abstraction (process) in reflection [33]. Because of the 

nature of these codes, the weighted Kappa calculations shown above allowed us to examine whether raters 

confused theoretically adjacent versus distant abstraction levels and revealed key limitations of our dataset 

for validating our codebook for further automatability.  

 As shown, for R1 (responding/reporting), we found weighted Kappas were consistently lower than 

unweighted (unweighted K = 0.448 vs quadratic K = 0.31), with similar patterns for R3 (reasoning) and R4 

(reconstruction). This pattern suggests human and AI raters were disagreeing across distant categories (R1 

vs R3/R4) less than adjacent ones, struggling to distinguish abstraction levels in a way that runs contrary to 

expected theory [27], [28], [32]. We would have expected there to be more disagreement across distant 

categories (i.e., weighted kappa values would be above unweighted), as Ryan & Ryan’s framework suggests 

R1-R4 are ordered 1, 2, 3, 4, where relating R2 is “closer” to responding R1 than R3 reasoning is; however, 

the weighted Kappa’s that adopt this assumption are coming out lower than unweighted calculations, 

suggesting either these constructs are either not ordered at all or they need to be reordered. This perceived 

incongruence suggests potential limitations of either the theory, our codebook, or our dataset (which would 

require another empirical study to parse). Comparing our data to Ryan & Ryan’s [32] framework for student 

reflection, this finding suggests R2 (relating) and R3 may be flipped for the STEM students sampled, raising 

theoretical questions about whether STEM learning environments surveyed emphasized responding and 

reasoning over relating or reconstructing. These additional questions would not have been revealed without 

comparing multiple versions of weighted and unweighted Kappa, so it points to the complexity of validating 

latent abstraction codes due to nuance and contextual evidence required. This kind of conclusion relies on 

local knowledge of datasets and study sites, our experiences in STEM learning environments, as well as 

our understanding of the strengths and limitations of Kappa. Further investigation of this phenomenon 

deserves additional data collection and research attention outside the scope of this paper. See Appendix C 

for more details on the weighting schemes used in Kappa calculations. Linear weighting was selected 

because Ryan & Ryan’s 4R framework theoretically proposes equal-interval progression across R1-R4 

levels, making proportional distance penalties conceptually appropriate; quadratic weighting was added 

too, applying heavier penalties for distant disagreements (e.g., R1 vs. R4) than adjacent ones so we could 

probe further. 
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Key dataset limitations future researchers must consider include addressing both the content 

validity, or representativeness [38], of their dataset as well as its construct validity, or how much defined 

codes capture their intended concepts [37]. For exploratory research where theory may be lacking or need 

adjustment, or where diversity in student responses across specific contexts is expected to vary (such as 

student reflection quality specified to individual course and disciplinary contexts), large datasets with 

diverse population sampling are necessary, though typically not a feature of qualitative research in EER 

that is not purposively seeking scale.  

 In all, because code types, interrater agreement assumptions, and the interpretation of their results 

inherently impact validation conclusions for qualitative codebooks enabled by GenAI, we argue human 

interpretation is still key to scaling and deployment. EER researchers must demonstrate understanding and 

alignment of IRR measures and code types and address issues of skew or unbalanced data. Ideally, careful 

consideration for both codes and datasets associated with them can result in exploratory theoretical 

contributions (e.g., STEM environments emphasizing responding and reasoning over relating 

reconstruction as per Claim 3), like smaller scale qualitative analysis, but with scalability impossible 

without GenAI.  

 

V.   Conclusions 

Overall, findings remind us that qualitative validity of codebooks in EER should not stop at high interrater 

agreement coefficients or rounds of coding performed alone; finding also provide validation design 

principles for GenAI-enabled qualitative research going forward. EER researchers need proficiency with 

both latent and semantic code types [15] for reliable GenAI automation of reflection quality assessment. 

Latent codes require interpretive convergence via consensus-based validation triangulated with multiple 

quantitative measures, and they are difficult for both humans and AI to code reliably. Mixing multiple 

validity and reliability methods adds rigor and insights undiscoverable otherwise. 

The automation of qualitative coding should therefore be preceded by both qualitative and 

triangulated quantitative validations of codebooks, and human interpretation is particularly necessary for 

establishing content validity and external validity [37] of codebooks and associated datasets. Human 

researchers distinctly familiar with data collection sites support validity in ways GenAI performing internal 

analysis cannot. By understanding the limitations and transfer potential of data upon which codebooks are 

developed, human researchers provide intervention necessary for addressing confounding contextual 

factors and interpreting them while also reporting and justifying codebook validation measures. 
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Appendix A   

Table A.1: Version 2 of Codebook  

 

Code   Definition   

Personal Connection 

Reporting/Responding (P.R1)   
Students notice and speak about personal experience, thoughts, beliefs, challenges, or opinions.   

Personal Connection Relating (P.R2)   Students reflect on the issue in terms of their prior experiences with the issue, a related issue, or 

in a similar setting. They make connections and comparisons with their prior experiences, 
thoughts, beliefs, challenges or opinions, and consider how these relate to the reflection prompt or 

experience   

Personal Connection Reasoning (P.R3)   Students go beyond responding by comparing experience to personal beliefs, experiences to 

analyzing the context, issue, or possible factors related to their experience. The reflection critically 

examines the reasons behind an event.   

Personal Connection Reconstructing 

(P.R4)   

Student demonstrates new ideas and ways of thinking related to personal experience, thoughts, 

beliefs, challenges, or opinions compared to how they thought/believed previously. The reflection 

synthesizes disparate pieces of information to form a cohesive understanding or new perspective. 

Students may utilize these lessons or patterns and apply them to situations beyond immediate 

context or reflection.   

Alignment with Learning Objectives 

Reporting/Responding (L.R1)   

Student response includes mention of intended specific learning objectives.   

Alignment with Learning Objectives 

Relating (L.R2)   

Students reflect on the experience in terms of their prior experiences with the issue, a related issue, 
or in a similar setting. They make connections and comparisons with their prior experiences and 

consider how these relate to the reflection prompt or experience centered around intended learning 

objectives.   

Alignment with Learning Objectives 

Reasoning (L.R3)   

Students go beyond responding by comparing experience to intended learning objectives. They 

also analyze the context, issue, or possible factors related to their experience. The reflection 

critically examines the reasons behind an event.   

Alignment with Learning Objectives 

Reconstructing (L.R4)   

Students demonstrate new ideas and ways of thinking related to intended learning objectives 

compared to how they thought/believed previously. The reflection synthesizes disparate pieces of 

information to form a cohesive understanding or new perspective. Students may utilize these 

lessons or patterns and apply them to situations beyond immediate context or reflection.   

Discipline Connection 

Reporting/Responding (D.R1)   

Student response includes mention of larger discipline.   

Discipline Connection Relating (D.R2)   Students reflect on the experience in terms of their prior experiences with the issue, a related issue, 

or in a similar setting. They make connections and comparisons with their prior experiences and 

consider how these relate to the larger discipline.   

Discipline Connection Reasoning 

(D.R3)   

Students go beyond responding by comparing experience to larger discipline. They also analyze 

the context, issue, or possible factors related to their experience. The reflection critically examines 

the reasons behind an event.   

Discipline Connection Reconstructing 

(D.R4)   

Students demonstrate new ideas and ways of thinking related to the larger discipline compared to 

how they thought/believed previously. The reflection synthesizes disparate pieces of information 

to form a cohesive understanding or new perspective. Students may utilize these lessons or patterns 

and apply them to situations beyond immediate context or reflection.   

Connection with Others 

Reporting/Responding (O.R1)   

Student response includes mention of perspectives and/or contributions of others not of their own. 
Simply stating, “We did this,” is not sufficient while, “X person did/said this,” would fall under 

this code.   

Connection with Others Relating (O.R2)   Students reflect on the experience in terms of the prior experiences of others with the issue, a 

related issue, or in a similar setting. They make connections and comparisons with others’ prior 

experiences and consider how these relate to the current context.   

Connection with Others Reasoning 

(O.R3)   

Students go beyond responding by comparing experience to others’ experiences not of their own. 

They also analyze the context, issue, or possible factors related to their experience. The reflection 

critically examines the reasons behind an event.   

Connection with Others Reconstructing 

(O.R4)   

Students demonstrate new ideas and ways of thinking related to others’ experiences and 

perspectives compared to how they thought/believed previously. The reflection synthesizes 

disparate pieces of information to form a cohesive understanding or new perspective. Students 

may utilize these lessons or patterns and apply them to situations beyond immediate context or 

reflection.   
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Assignment Connection 

Reporting/Responding (A.R1)   

Student responses notice, mentions, or speaks to specific assignments and/or course activities.   

Assignment Connection Relating 

(A.R2)   

Students reflect on the course assignment/activities in terms of prior experiences and/or course 
assignment, a related issue, or in a similar setting. They make connections and comparisons and 

consider how these relate to the current context.   

Assignment Connection Reasoning 

(A.R3)   

Students go beyond responding by comparing experience to specific course assignments or 

activities. They also analyze the context, issue, or possible factors related to their experience. The 

reflection critically examines the reasons behind an event.   

Assignment Connection Reconstructing 

(A.R4)   

Students demonstrate new ideas and ways of thinking related to course assignments/activities 

compared to how they thought/believed previously. The reflection synthesizes disparate pieces of 
information to form a cohesive understanding or new perspective. Students may utilize these 

lessons or patterns and apply them to situations beyond immediate context or reflection.   
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Appendix B  

Table B.1: Version 3 Codebook, with examples provided for personal connection codes 

 

Code Category  Definition 

Situatedness The content of student reflection responses that are contextually grounded, incorporating various elements that relate to their personal 

and academic experiences, as well as the broader discipline or field. Interested in what topics, specific beliefs, experiences are included 

in reflection responses. 

Abstraction The process by which students distill and generalize experiences and knowledge in reflections. May include responding to the reflection 

prompt, relating personal experiences or knowledge about the subject, providing some evidence to reason their response to the reflection 

prompts, reconstructing previous views and beliefs based on new knowledge gained or experienced and/or apply them beyond the 

reflection prompt or learning environment being presented to the student. 

 

Note: Text that is bolded below represents changes made to codebook V3 as compared to codebook V2 in 

Appendix A. To save space, we do not include example excerpts for all codes, only Personal Connection 

(P) codes. 

 

Situatedness 

Code  

Definition and Notes  Abstracted Subcode Definition  Example  

Personal 

Connection  

Student response includes 
personal experiences, 

thoughts, beliefs or 

opinions. This reflection is 

closely tied to the student's 

actual experiences rather 

than generalizations  

 

Keywords or phrases 

include: "I believe...", 

"Based on my experience 
with...", "I think..."  
   
References real challenges, 

interactions, or moments 
from the students' personal 

experiences  

Reporting/  

Responding  
P.R1  

Students notice and speak about 

personal experience, thoughts, 

beliefs, challenges, or opinions.  

"More coordinated in that each person seemed to 

do what we were assigned to do. Shane was 

collecting data, Simon was recording it, and I was 

writing summaries in the lab notes as to what was 
going on."  
   
In this example, the exercept, "...and I was writing 

summaries in the lab notes as to what was going 

on," would be P.R1  

Relating  P.R2  

Students reflect on the issue in terms 

of their prior experiences with the 

issue, a related issue, or in a similar 
setting. They make connections and 

comparisons with their prior 

experiences, thoughts, beliefs, 

challenges or opinions.  

"I felt like I'm getting more creative. I came up 
with the idea of connecting the straw to the spray 

bottle, and I also suggested to use safety pins and 

tooth floss to sew the gut in the patients if bleeding 

cannot be stopped."  
   
In this example, the student has a comparison of 

their creativity evidenced by the use of "more." 

This reflection would NOT be considered  P.R3 as 
they are not providing reasoning for their ideas or 

decisions, they are two separate thoughts.  

Reasoning  P.R3  

Students go beyond responding by 

comparing experience to personal 

beliefs, experiences to analyzing the 

context, issue, or possible factors 

related to their experience. The 
reflection critically examines the 

reasons behind an event.  

"Three regulatory agencies I believe are important 

in deciding standards and safety requirements in 
biomedical engineering are the FDA, the ISO, and 

OSHA. I think the FDA is important because they 

make sure that a medical device is able to perform 

as intended and does so by providing various 

assessments of said device."  
   
In this example, the student shares their thoughts 

as why they believe the FDA is important. They 

provide a justification that"...they make sure that a 
medical device is able to perform as intended and 

does so by providing various assessments of said 

device." They is also an indication of reasoning 

where they say X statement BECAUSE Y 

statement.  
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Situatedness 

Code  

Definition and Notes  Abstracted Subcode Definition  Example  

Reconstructing  P.R4  

Student demonstrates new ideas and 

ways of thinking related to personal 

experience, thoughts, beliefs, 
challenges, or opinions compared to 

how they thought/believed 

previously. The reflection 

synthesizes disparate pieces of 

information to form a cohesive 
understanding or new perspective. 

Students may utilize these lessons or 

patterns and apply them to situations 

beyond immediate context or 

reflection.  

"Focusing on quantity over qualirty made me more 

creative as I forced myself to think through the 
process and to consider various factors which I 

overlooked during previous study. While for sure 

more ideas have been brought up out of this 

process, I also notice that it was hard to develop the 

first few ones and that more creative I had become 
as I made the first few steps."  
   
In this example, P.R4 is applied because the 

student is demonstrating a new way of 
thinking/perception/experience that is born from a 

previously held way of thinking. The student 

recognizes that they overlooked aspects of a 

process in a previous study but through this 

experiences and "focusing on quantity over 
quality" made them more creative, forcing 

themselves into a new way of thinking and 

consideration of various factors.  

Alignment 

with learning 

outcomes  

Student response includes 

application of specific 
learning objectives related 

to the course and/or activity  
[Insert LOs here]  

 
  This is different from 

Assignments, which refer 

to experiences in specific 

course activities. 

Learning Objectives refer 

to the display of specific 

intended outcomes of the 

course assignments.  

 

Keywords or phrases 
depends on learning 

objectives  

Reporting/  

Responding  
L.R1  Student response includes application of intended specific learning objectives.  

  

Relating  L.R2  

Students reflect on the experience in terms of their prior experiences with the issue, a 

related issue, or in a similar setting. They make connections and comparisons with their 
prior experiences and consider how these relate to the reflection prompt or experience 

centered around intended learning objectives.  

Reasoning  L.R3  

Students go beyond responding by comparing experience to intended learning objectives. 
They also analyze the context, issue, or possible factors related to their experience. The 

reflection critically examines the reasons behind an event.  

Reconstructing  L.R4  

Students demonstrate new ideas and ways of thinking related to intended learning 

objectives compared to how they thought/believed previously. The reflection synthesizes 

disparate pieces of information to form a cohesive understanding or new perspective. 
Students may utilize these lessons or patterns and apply them to situations beyond 

immediate context or reflection.  

Discipline 

Connection  
Student response includes 
relation and impact to the 

related discipline or field 

(e.g., engineering, physics) 

and/or field related 

principles, theories, 
knowledge in a broader 

scope outside of the course.  

Reporting/  

Responding  
D.R1  

Student response includes mention of larger discipline or field (e.g., engineering, physics) 

and/or field related principles, theories, knowledge in a broader scope outside of the 

course.  

Relating  D.R2  

Students reflect on the experience in terms of their prior experiences with the issue, a 

related issue, or in a similar setting. They make connections and comparisons with their 

prior experiences and consider how these relate to the larger discipline.  
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Situatedness 

Code  

Definition and Notes  Abstracted Subcode Definition  Example  

 

Keywords or phrases 
include reference to 

specific field or discipline 

(e.g., "Because this is 

important to biomedical 

engineering..."  
   

Reasoning  D.R3  

Students go beyond responding by comparing experience to larger discipline. They also 
analyze the context, issue, or possible factors related to their experience. The reflection 

critically examines the reasons behind an event.  

Reconstructing  D.R4  

Students demonstrate new ideas and ways of thinking related to the larger discipline 
compared to how they thought/believed previously. The reflection synthesizes disparate 

pieces of information to form a cohesive understanding or new perspective. Students may 

utilize these lessons or patterns and apply them to situations beyond immediate context or 

reflection.  

Peer 

Behavior  

Student response includes 

experiences of other 

people, not themselves  

 

Keywords or phrases 

include: "My teammate 

believed..." , "My [insert 

other person(s)] thought or 

experienced..."   

Reporting/  

Responding  
O.R1  

Student response includes mention of perspectives and/or contributions of others not of 

their own. Simply stating, “We did this,” is not sufficient while, “X person did/said this,” 

would fall under this code.  

Relating  O.R2  

Students reflect on the experience in terms of the prior experiences of others with the issue, 

a related issue, or in a similar setting. They make connections and comparisons with others’ 

prior experiences and consider how these relate to the current context.  

Reasoning  O.R3  

Students go beyond responding by comparing experience to others’ experiences not of their 

own. They also analyze the context, issue, or possible factors related to their experience. 

The reflection critically examines the reasons behind an event.  

Reconstructing  O.R4  

Students demonstrate new ideas and ways of thinking related to others’ experiences and 

perspectives compared to how they thought/believed previously. The reflection synthesizes 
disparate pieces of information to form a cohesive understanding or new perspective. 

Students may utilize these lessons or patterns and apply them to situations beyond 

immediate context or reflection.  

Assignment 

Connection  
Student response includes 

or references specific 

assignments or course 

activities (e.g., reflections, 

dissections, test, lab, quiz, 

problem set, coding).   
  
This is different from 

Learning Objective; 

Assignments refer to 

experiences in specific 

course activities, whereas 

Learning Objectives refer 

to the display of specific 

intended outcomes of the 

course assignments.  

Keywords or phrases 

include: "This 

assignment..." , "[Named 

Reporting/  

Responding  
A.R1  

Student responses notice, mentions, or speaks to specific assignments and/or course 

activities (e.g., reflections, dissections, test, lab, quiz, problem set, coding).  

Relating  A.R2  

Students reflect on the course assignment/activities (e.g., reflections, dissections, test, lab, 

quiz, problem set, coding) in terms of prior experiences and/or course assignment, a related 
issue, or in a similar setting. They make connections and comparisons and consider how 

these relate to the current context.  

Reasoning  A.R3  

Students go beyond responding by comparing experience to specific course assignments 

or activities (e.g., reflections, dissections, test, lab, quiz, problem set, coding). They also 

analyze the context, issue, or possible factors related to their experience. The reflection 

critically examines the reasons behind an event.  
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Situatedness 

Code  

Definition and Notes  Abstracted Subcode Definition  Example  

activity]...", "While 

working on this in class..."  
   
Learning environment and 

experiences within 

environment is mentioned 
(e.g., reflections, 

dissections, test, lab, quiz, 

problem set, coding)  

Reconstructing  A.R4  

Students demonstrate new ideas and ways of thinking related to course 

assignments/activities (e.g., reflections, dissections, test, lab, quiz, problem set, coding) 
compared to how they thought/believed previously. The reflection synthesizes disparate 

pieces of information to form a cohesive understanding or new perspective. Students may 

utilize these lessons or patterns and apply them to situations beyond immediate context or 

reflection.  

Group 

Experience  

Student response includes 

shared or group 

experiences, thoughts, 

beliefs or opinions.   

"Keywords or phrases 

include: ""We 

believe..."", ""Based on 

our...""  
   
References real 

challenges, interactions, 

or moments from the 

students' shared or group 

experiences within the 

classroom context  

Reporting/  

Responding  
G.R1  

Student response includes mention of shared perspectives, decisions, and/or contributions 

of their entire group or multiple group members.   

Relating  G.R2  

Student reflects on their shared team experience in terms of their team's prior experiences 
with the issue, a related issue, or a similar setting. They make connections and comparisons 

with their shared prior experiences and how they relate to the current context.  

Reasoning  G.R3  

Students go beyond responding by comparing shared experiences to others' experiences 

not their own. They also analyze the context, issue, or possible factors related to their own 

experience. The reflection critically examines reasons behind an event.  

Reconstructing  G.R4  

Students demonstrate new ideas and ways of thinking related shared experiences compared 
to how they thought/believe previously. The reflection synthesizes disparate pieces of 

information to form a cohesive understanding or new perspective. Students may utilize 

these lessons or patterns and apply them to situations beyond immediate context or 

reflection.  
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Appendix C  

 

Table C.0: Individual Code Reliability Metrics: V2 vs V3 Codebook Comparison  

Code  V2 κ  V3 κ  Δκ  V2 Agr%  V3 Agr%  V3 α  

A.R1  0.412  0.635  +0.223  70.7  81.4  0.277  

A.R2  0.417  1.000  +0.583  88.0  100.0  —  

A.R3  0.232  0.371  +0.139  63.0  72.1  0.175  

A.R4  0.167  0.645  +0.478  82.6  95.4  —  

L.R1  0.216  0.398  +0.182  63.0  69.8  0.138  

L.R2  0.465  0.000  −0.465  91.3  97.7  —  

L.R3  0.204  0.269  +0.065  64.1  72.1  0.035  

L.R4  0.157  0.645  +0.488  81.5  95.4  0.550  

O.R1  0.224  0.550  +0.326  73.9  90.7  0.311  

O.R2  0.000  —  —  91.3  100.0  —  

O.R3  0.044  1.000  +0.956  83.7  100.0  —  

O.R4  0.000  —  —  91.3  100.0  —  

P.R1  0.393  0.389  −0.004  70.7  69.8  0.345  

P.R2  0.225  0.000  −0.225  93.5  97.7  —  

P.R3  0.356  0.538  +0.182  73.9  81.4  0.326  

P.R4  0.194  0.534  +0.340  79.3  93.0  0.471  

D.R1  0.383  0.239  −0.144  91.3  81.4  0.205  

D.R2  0.000  —  —  95.7  100.0  —  

D.R3  0.419  0.173  −0.246  94.6  86.0  0.170  

Note. κ = Cohen's Kappa; Δκ = Change in Kappa from V2 to V3; Agr% = Percent Agreement. Dashes (—) indicate 

undefined values due to perfect agreement or insufficient variance. Positive changes indicate improvement. 

Quantitative Interrater Agreement Coefficient Calculations Based on Contingency Tables   

Gwet’s (2014) [7] Handbook of interrater reliability (IRR) bases all rater agreement calculations in 

equations and ‘contingency tables’ [7, p. 31]. The following sections detail the varied quantitative interrater 

agreement coefficients we employed using this methods, detailing how they are calculated and what they 

represent with an example throughout. The basis example provided relates to our “Assignment” 

situatedness codes in our Version 2 codebook, but we ran calculations for all codes present in both V2 and 

V3 and present those in the Results. The base example contingency table of observed frequencies for the 

set of Assignment codes in our codebook for Author 1 and 2’s V2 coding is presented in Table  C.1 below. 

Here, the numbers along the diagonal of the matrix (i.e., [34, 5, 17, 2] below) represent the number of 

student reflection responses both authors coded as A.R1, A.R2, A.R3, and A.R4, respectively. The numbers 

outside of the diagonal represent the number of excerpts observed where one author coded them one way, 

and the other, differently. To illustrate, 13 excerpts were observed as being coded as A.R1 by Author 1 and 

as A.R3 by Author 2.   

 

Table C.1: Observed Frequencies of Assignment Codes Contingency Table for Author 1 and 2 Interrater 
Agreement    
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      Author 1   

      A.R1   A.R2   A.R3   A.R4   

Author 2      

A.R1   34   4   12   8   

A.R2   0   5   2   0   

A.R3   13   7   17   10   

A.R4   2   0   0   2   

  

    (1) Simple percent agreement   

Our simplest interrater reliability study [7] consisted of evaluating the ‘percent agreement’ between our two 

raters coding the same set. Percent agreement (𝑝𝑎 ) for n subjects where there are four optional codes to be 

applied (as per our example) is given by the general form with the following generalized table. Fewer or 

more codes expand both the equation for percent agreement and its reference contingency table.  

 

 
 

Table C.2: Observed Frequencies Generalized Table   

  

      Author 1      

      A.R1   A.R2   A.R3   A.R4      

Author 2      

A.R1   n11   n12   n13   n14   n+1   

A.R2   n21   n22   n23   n24   n+2   

A.R3   n31   n32   n33   n34   n+3   

A.R4   n41   n42   n43   n44   n+4   

Total   n+1   n+2   n+3   n+4   n   

 

Percent agreement for Authors 1 and 2 coding of n=92 excerpts with V2 is thus 63%, which is considered 

reasonably high agreement.    

 

     (2) Cohen's Kappa and addressing chance agreement   

Percent agreement however is known to overstate IRR [7] because the calculation does not account for 

chance agreement. In other words, what if one of our coders was ignoring a particular excerpt’s 

characteristics and chose to categorize it at random? With a small enough number of codes like our four 

Assignment codes, Author 1 could still end up categorizing (with a 25% chance) an excerpt in the same 

group as Author 2 regardless of their random choice. To account for this potential for “lucky agreement” 

[7, p. 32], Gwet proposes Cohen’s Kappa (𝜅) for measuring beyond chance. We also calculated Cohen’s 

Kappa for our data, which is given by:  
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To get the term for regular percent chance agreement (𝑝𝑐 ) in the equation above, first we sum expected 

probabilities that raters classify a subject into a given category. This time, we use a contingency table for 

expected probabilities [7] as opposed to expected frequencies for regular percent agreement. To calculate 

expected probabilities that our two Authors classified an excerpt, we use our observed frequencies table 

(Table C.2) and sum our observed frequencies along each column and row (as well as along the diagonal) 

divided by the total number of excerpts (in our case, n=92). This calculation of expected probabilities from 

our observed frequences necessary for calculating percent change agreement (𝑝𝑐 ) shown in Table C.3 

below.  

 
 

Table C.3: Expected Probabilities of Assignment Codes for Author 1 and 2 Interrater 

Agreement Calculated from Observed Frequencies    

  

      Author 1      

      A.R1   A.R2   A.R3   A.R4   Probability   

Author 2      

A.R1   34   4   12   8   

= 68/92   

= 63%   

A.R2   0   5   2   0   

= 7/92   

= 8%   

A.R3   13   7   17   10   

= 47/92   

= 51%   

A.R4   2   0   0   2   

= 4/92   

= 4%   

   
Probability   

= 49/92   

= 53%   

= 16/92   

= 17%   

= 31/92   

= 34%   

= 20/92   

= 22%      

 

 

Percent chance agreement (𝑝𝑐) for this example is thus equal to:    

 
Plugging this percent chance calculation into the equation for Cohen’s Kappa along with our previously 

calculated regular percent agreement gives:   

 
 

Pushing EER Beyond Cohen’s Kappa   

Martin et al.’s (2025) [5] systematic review of reporting reliability in EER found that 57% of surveyed 

articles made no mention to IRR, 91% did not report any reliability metrics and the other 9% used Cohen’s 

Kappa. They therefore highlighted the need for calculations at least as far as we have thus discussed, and 
recommend scholars provide these statistics with appropriate justifications for use considering datatype and 

number of raters.    
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To push STEM Education Research further in qualitative coding reliability reporting further, we also 

calculated and present three additional interrater agreement coefficients beyond this simple form of Cohen’s 

Kappa.    

 

1. Weighted Cohen’s Kappa to address codebooks with dependent ratings, or codes that are simply 

categorical in nature and independent of each other as opposed to being ranked or ordered (i.e., 

ordinal) [7, p. 35]. 

2. Krippendorff’s Alpha [7, p. 39] for addressing missing data, assessing reliability based solely on 

excerpts where both raters have coded them to avoid Kappa sensitivity to imbalanced code 

assignments.   

3. Gwet’s AC1, which is based on based on both regular percent agreement and a Gwet [7] percent 

chance agreement calculation addressing a Cohens Kappa limitation where it can “yield a low 

value when the raters show high agreement” [7, p. 104] and instances of unbalanced data.   

 

    (3) Weighted Cohen’s Kappa and dealing with ordinal ratings   

Interrater agreement coefficient calculations presented thus far have assumed our V2 codebook features 

nominal ratings, where our codes for both situatedness and abstraction in the Appendix A Table A.1 are 

considered distinguishable but not sortable to a meaningful order [7]. The problem with this assumption is 

that our abstraction codes are indeed ordered – reporting/responding is considered a lower level of 

abstraction in our codebook compared to relating or reconstructing. Additionally, our codes are dependent 

of each other in every version of our codebook; we considered there to be more agreement when our two 

raters categorized an excerpt as “reasoning” and “reconstructing” than when we categorized that same 

excerpt as “responding” and “reconstructing.”   

In the unweighted Cohen’s Kappa shown thus far, the expression for Percent chance agreement (𝑝𝑐)  

 
as shown earlier represents probability of agreement between two raters if the codes are known to be 

independent. When this is not the case, this calculation “does not have a particular meaning and does not 

represent a measure of agreement. Using it in the Kappa equation may yield unpredictable results” [7, p. 

35].   

 Returning to our contingency tables, we also calculated weighted versions of Cohen’s Kappa 

according to the following equation for Weighted Cohen’s Kappa (𝜅𝑤), where 𝑤𝑖𝑗 refers to weighting 

factors in a weighting matrix 𝑊, and 𝑝 𝑖𝑗 and 𝑒 𝑖𝑗 refer to individual elements of the observed frequencies 
contingency table (example in Table C.2 above) and a new expected frequences contingency Table 

(example Table C.5 below) derived from expected probabilities calculated in Table C.4. In other words, the 

expected frequences contingency table as shown (Table C.5) is calculated by first constructing a new 

expected probabilities contingency table (Table C.4). Pulling the expected probabilities of Assignment 

codes from Table C.2, each cell of the new expected probabilities contingency table is calculated by 

multiplying a row and associated column probability together as shown.   
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Table C.4: Expected Probabilities Contingency Table   

      Author 1   

      A.R1   A.R2   A.R3   A.R4   

Author 2      

A.R1   
0.53 * 0.63 = 

0.34   

0.17 * 0.63   

= 0.11   

0.34*0.63   

= 0.21   

0.22*0.63   

= 0.14   

A.R2   

0.53*0.08   

= 0.04   

0.17*0.08   

= 0.01   

0.34*0.08   

= 0.03   

0.22*0.08   

= 0.02   

A.R3   

0.53*0.51   

= 0.27   

0.17*0.51   

= 0.09   

0.34*0.51   

= 0.17   

0.22*0.51   

= 0.11   

A.R4   

0.53*0.04   

= 0.02   

0.17*0.04   

= 0.01   

0.34*0.04   

= 0.01   

0.22*0.04   

= 0.01   

  

Multiplying each of these expected probabilities by the number of excerpts coded (n=92) in Table C.4 

above, we get the expected frequencies contingency table (Table C.5 below) with cells 𝑒 𝑖𝑗. 
 

Table C.5: Expected Frequences Contingency Table   

      Author 1   

      A.R1   A.R2   A.R3   A.R4   

Author 2      

A.R1   30.89   10.09   19.54   12.61   

A.R2   3.73   1.22   2.36   1.52   

A.R3   25.03   8.17   15.84   10.22   

A.R4   2.13   0.70   1.35   0.87   
 

  

Once these elements of the Weighted Cohen’s Kappa equation are calculated, weighting matrices 𝑊 are 

chosen based on how “close together” the codebook’s codes are considered to each other. Linear and 

quadratic weightings are common, and some researchers weight based on the number of excerpts one rater 

has rated compared to the other to address differences in association with the dataset [7].   

Linear weighting reflects disagreement where a 0 penalty is assigned for perfect agreement and penalties 

for disagreement increase linearly with the distance between ratings (with a maximum penalty for largest 

possible disagreement). Think of linear weighting as saying: “Not all disagreements are equal. A small 

disagreement counts as partly correct; a big disagreement counts as fully wrong, with equal intervals in 

between.” Quadratic weighting works similarly, but it penalizes larger disagreements much more strongly 

than linear weighting. Where linear weighting increases penalties proportionally to the distance between 

ratings, quadratic weighting increases penalties with the square of the distance.  

The choice of linear and quadratic weighting schemes was grounded in the theoretical structure of 
Ryan & Ryan's 4R [32] framework, which proposes that reflection quality progresses through four ordered 

levels: Responding (R1), Relating (R2), Reasoning (R3), and Reconstructing (R4). This hierarchy implies 
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that adjacent levels are more conceptually similar than distant ones – R1 and R2 share more surface-level 

engagement with content, while R1 and R4 represent more qualitatively distinct cognitive acts. . Linear 

weighting was selected to test whether rater disagreements followed this equal-interval theoretical ordering, 

assigning proportionally larger penalties as the distance between assigned codes increases. Quadratic 

weighting was added as a sensitivity check, applying disproportionately heavier penalties for disagreements 

spanning distant levels (e.g., R1 vs. R4) than adjacent ones (e.g., R1 vs. R2), thus probing whether the 

theoretical hierarchy was reflected in rater behavior more strongly at the extremes. Together, these two 

schemes allowed us to examine not just whether raters disagreed, but how their disagreements mapped onto 

or diverged from the progression that Ryan & Ryan proposed. 

Here are example weighting matrices 𝑊 for linear and quadratic calculations of Cohen’s Kappa. 

In each weighted matrix, diagonal values of 1 represent perfect agreement between raters with no 

disagreement penalty applied; off-diagonal values reflect the proportional (linear) or squared (quadratic) 

distance penalty between abstraction levels, where values closer to 0 indicate larger penalties for greater 

disagreement. 

 

 

Once the Weighting Matrix 𝑊, Observed Frequencies of Contingency Table 𝑝 𝑖𝑗 , and Expected Frequences 

Contingency Table 𝑒 𝑖𝑗  are prepared, each individual cell of the Weighting Matrix 𝑊 is multiplied with 

each associated cell in Observed Frequencies of Contingency Table 𝑝 𝑖𝑗. Then they are all summed together 

(∑ 𝑤𝑖𝑗  ∙ 𝑝𝑖𝑗), and the same operation is performed between each individual cell of the Weighting Matrix 𝑊 

and the cells of the Expected Frequences Contingency Table 𝑒 𝑖𝑗  to give ∑ 𝑤𝑖𝑗  ∙𝑒𝑖𝑗 , the numerator and 

denominator of the fraction in the equation for Weighted Cohen’s 𝜅𝑤. 

 
Our Linear Weighted Cohen’s Kappa interrater agreement coefficient for Assignment coding was 𝜅 𝑤 = 
0.076.  

 

    (4) Krippendorff’s Alpha for dealing with missing data cleanly  
Krippendorff’s α is designed to handle incomplete Observed Frequency Contingency Tables, where every 

coder has not coded all excerpts or there is imbalanced category use (e.g., one coder used the 

“reconstruction” code much more than any other). In calculating α, reliability is we compute using only 

shared ratings, making the coefficient more stable and interpretable when codes do not use all codes equally. 

In contrast, Cohen’s Kappa calculations can behave unreliably if raters use categories unevenly because it 

is sensitive to rare coding assignments or skewed coding distributions [7].  

In the case of our dataset, we did not calculate Cohen’s Kappa based on any incomplete data (i.e., both our 

coders coded the 20 and 10 reflection sessions mentioned thus far as opposed to us needing to remove single 

rater data), so the first step of calculating Krippendorff’s α is taken care of – “all subjects rated by a single 
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rater must be eliminated upfront” [7, p. 39]. For data with all subjects rated by both raters (i.e., all subjects 

rated by a single coder removed) like ours, Krippendorff’s α is calculated as follows (for the two-rater case):  

 

Where, for P1+ and P+1 being raters’ propensity for classifying a subject into category “1,” 𝜋 ℎ𝑎𝑡  is given 

by the following equation:  

 
It is important to note that our dataset exhibited extreme skewness (>95% or <5% for a given code like 

D.R2 that was quite rare) and insufficient variance for multiple codes in our codebook, making 

Krippendorff’s Alpha unideal and worth corroborating with other IRR coefficients. For Assignment code 

A.R1 in the V3 codebook, Krippendorff’s Alpha came out to 0.277, but many of our Alpha values resulted 

as NA due to assumption failures.  

 

   (5) Gwet’s AC1 and a new percent chance agreement   

Gwet’s AC1 is similar to Cohen’s Kappa in that both analyses compare observed agreement rate, but Gwet’s 

AC1 uses expected disagreement and Kappa uses expected agreement. This fundamental different in 

assumptions means that AC1 can be both positive or negative in cases of no association between raters, but 

Kappa always gives 0 for these cases. Vach & Gerke [36] suggest Gwet's AC1 should not be seen as a 

substitute for Cohen's kappa [36, p. 1], though AC1 responds to two key “Paradoxes of Kappa” [7, p. 58] 

originally described by Feinstein & Cicchetti (1990). The first is that if percent chance agreement is large, 

Kappa calculations can convert a relatively high value of percent agreement to a relatively low Kappa. The 

second is that unbalanced totals (or marginal application of codes) produce higher values of Kappa than 

more balanced totals [7]. Our dataset, though relatively diverse across different student populations, 

exhibits both of these paradoxes upon review of percent chance agreement alongside Kappa results and the 

integration of quantitative and qualitative codebook validation (see Results section). These errors are likely 

more common in EER outside of our case alone based on known challenges with reliably assessing student 

reflections in medical education research [9], [10]; Kappa paradoxes require oversight in EER codebooks 

related to undergraduate student reflection as well.   

Gwet’s AC1, developed to overcome these paradoxes, is calculated as follows. AC1 is based on 

the same percent agreement 𝑃𝑎 as first described in this Appendix C, but it also depends on a new percent 

agreement. The new percent agreement, is equal to: 𝑝 𝑐 𝑛𝑒𝑤  =2∗ 𝜋 ℎ𝑎𝑡  (1− 𝜋 ℎ𝑎𝑡 ) and Gwet’s AC1 is then 

given by:   

 
   (6) Multiple Interrater Percent Agreement Calculations (simple percent agreement, Gwet’s AC1, and the 

Holley-Guilford G-Index)  

As discussed earlier in this Appendix, Cohen’s Kappa addresses simple percent agreements’ lack of 

consideration for chance agreement by including percent chance agreement in its calculation. We have also 

covered how Gwet’s AC1 was proposed to address paradoxes of Cohen’s Kappa. To provide one more 

comparative understanding of percent agreement in this study, we also calculated the Holley-Guilford G-

Index for our codebooks. Here, instead of Kappa’s percent chance agreement or AC1’s calculation for it, 

G-Index operates on a simple percent chance of 1/n, where n is the number of categories used in a given 

round of coding (for us, this would be our total number of codes in our V2 and V3 codebooks), but it uses 

the same percent agreement 𝑝 𝑎 as the aforementioned approaches.   
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The benefit of using the G-Index calculation as shown is the magnitude of this reliability metric is 

considered more reasonable than simple percent agreement, which is known to inflate results compared to 

Cohen’s Kappa due to chance agreement even though Kappa still suffers from challenges with unbalanced 

data and overestimation of probability based on chance [7], [39]. Additionally, Gwet’s AC1 only performs 

better than G-index for the case of two raters, as discussed in medical education literature [39], though 

Gwet does offer an AC2 calculation for more than two rater cases [7].   

With our V3 codebook and desire to compare GenAI coding to human coding, we needed an 

interrater reliability metric appropriate for our 3-rater (two humans and one GenAI multi-agent model) 

analyses. G-index was therefore a strong contender for addressing limitations of Gwet’s AC1 and other 

prior calculations by providing a more generalized percent agreement calculation for cases with more than 

two raters. Based on the structure of our V3 codebook, our n values and therefore equal probabilities for 

the G-index calculations as shown above were: (i) for the 4-level abstraction codes (R1, R2, R3, R4) = 4 

categories = 1/4 probability each, and (ii) for R-levels with categories {0, A, L, O, P, D, G} = 7 categories 

= 1/7 probability each. Note: Gwet’s AC2 does provide a calculation for 2+ rater cases, but to provide 

variety in this paper we focused on G-index instead. AC2 calculations merit comparison with G-index 

metrics in our future reliability analyses, especially because the G-index, while valuable for addressing 

some limitations of other interrater reliability metrics, presents its own challenges in assuming equal percent 

chance for all codes in a given codebook. Qualitative scholars know that codebooks are not a prior designed 

to include an equal distribution like this; it is an assumption fundamentally and paradigmatically at odds 

with some forms of qualitative research, in fact (see Braun & Clarke, 2022 [35] and ongoing work on 

reflexive thematic analysis [40]).   
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