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Refining the LITES Codebook Using a Discussion and Consensus-based
Approach

Introduction

This methods full paper is grounded in our prior work on engineering intuition. Intuition, which
is also colloquially referred to as a gut feeling or a sixth sense, has been conceptualized by
researchers as a less conscious [1] or unconscious cognitive process [2]. Resulting intuitive
decisions are involuntary, automatic, and almost effortless [3]. Intuition use in the literature is
sometimes described in conflicting ways. Some authors emphasize that intuition involves both
cognitive and emotional elements [4] and describe intuition as an “unconscious judgment based
on feelings” [5], whereas others define intuition as an “information-based and lawful process”
[6], which draws on stored knowledge [7]. These variations in the description of intuition
highlight its complexity and indicate different implications for researchers [8], which enables
further investigation of intuition across contexts.

Across disciplines (e.g., business and medicine) and STEM fields [9], researchers have explored
the role of intuition and decision making in managerial decision-making [2], clinical decision-
making [10], and strategic thinking [11]. The role of intuition in engineering is comparatively
less examined and has been explored in the context of solving complex, ill-structured problems
[12] that often require decision-making to solve [13]. Existing studies provide limited guidance
or tools for identifying intuitive processes despite these scholarly works highlighting the role of
intuition in the workplace.

One of the reasons for the limited availability of tools is that intuition is difficult to capture.
Individuals often struggle to explain their engagement with intuition in words [14], [15].
Although theoretical models such as recognition-primed decision making [16] and dual-process
theory [17] describe the cognitive process involved in the use of intuition, they do not provide
indicators or tools to describe the use of intuition during the decision-making or problem-solving
process. The Leveraging Intuition Towards Engineering Solutions (LITES) framework [12] and
complementary LITES codebook, provide a data analysis tool for exploring the use of intuition
in solving ill-structured problems.

The LITES codebook originated from a qualitative study of engineering practitioners guided by
grounded theory and phenomenography that aimed to define engineering intuition [12]. The
codebook development and subsequent use focused on a consensus approach to support quality
[18]. The definitions and clarity of the codebook were cross-checked by members of the team
who were not involved in the codebook development directly, but were involved in the data
collection, as another measure to assure quality.

Recent work surprisingly revealed that coders with no prior experience with the research on
intuition interpreted and applied the codes from the LITES codebook differently from the
experienced team members. These coding discrepancies in the use of the LITES codebook
suggested that the codebook was not user-friendly for researchers outside the original research
team. This result points to a limitation of and need for a greater clarity within the codebook,
while also raising questions about consistency in the use of the codebook, i.e., inter-coder
reliability (ICR) [19].

The need for a refined codebook that supports greater consistency in code application shaped the
purpose of this work, which was completed in two phases. The first phase (P1) involved refining



the LITES codebook to minimize misinterpretation and improve the accuracy and consistency of
code application. The second phase (P2) investigated ICR, the quantitative level of agreement
between coders when applying codes to a text segment [20], with the refined codebook using
Cohen’s Kappa. Examining ICR across the original (v1) and refined (v2) LITES codebook aimed
to assess codebook improvement and subsequently support which codebook to use for future
studies of engineering intuition. The following complementary research questions (RQ) guided
our study:

RQ 1. How did discrepancies in the application of the LITES codebook emerge, and what
was the nature of these discrepancies?

RQ 2. How do the ICR values compare when coding with the original versus the refined
LITES codebook?

While the LITES codebook is intended to be used in consensus-based coding, improving ICR
across the vl and v2 codebooks would support wider usability of the LITES codebook,
amplifying a useful tool in the study of engineering intuition.

Methods

The two phases of the study involved different sets of participants, data collection, and data
analysis processes. P1 focused on refining the code definition of the LITES codebook (RQ1),
while P2 investigated the reliability of the v2 codebook (RQ2). The following sections describe
the methods used in each phase.

Phase 1 (P1) Data Collection and Analysis

Data Collection: This study used transcripts obtained from three interviews with engineering
experts. Detailed information on the interview protocol has been published in our previous work
[21]. The transcripts were generated using Zoom'’s transcription feature, cleaned, deidentified,
and checked for accuracy.

Data Analysis: Each of the three transcripts was coded independently by six coders using the v1
codebook. Among the six coders, two were experienced coders (E1 and E2) who were involved
in the development of the v1 codebook, while the remaining four were new coders with no prior
experience with the vl codebook. Among the four new coders, one coder had considerable
previous experience with qualitative coding, one had limited experience with deductive coding,
and the remaining two coders had no experience with qualitative coding.

The new coders were not provided with codebook-specific training to better mimic the
experience of an external scholar using the published codebook. The new coders compared and
discussed their coded transcripts with the experienced coders. The new coders were asked to
explain why they used a specific code for a given statement and their understanding of the codes.
During this discussion, the experienced coders documented discrepancies that emerged from the
new coders’ interpretation of the codes. Later, both the experienced coders and the new coder
with considerable coding experience discussed and documented discrepancy points for each code
in the codebook and refined the code definition through consensus. Discrepancies emerged
across all nine primary codes in the vl codebook (Constraints, Individual Mindset, Experience,
Holistic Prediction, Data-Based Assessment, Sensibility Check, Physiological, Individual
Conditions, and Outcome); sub-codes were not considered. Our prior work provides examples of



how coding discrepancies emerged and how they were addressed for selected codes [22]. ICR
was not calculated in prior work since the vl codebook was developed and used through
consensus coding. Consensus discussions were also used during P1 to identify code
discrepancies and refine code definitions, so ICR was not calculated for P1.

Phase 2 (P2) Data Collection and Analysis

The reliability of the v2 codebook was examined by adding two external coders (N1 and N2)
with no prior experience with the LITES codebook. N1 and N2 were selected using purposeful
sampling and had previous experience in qualitative deductive coding. N1’s primary background
is in engineering education research, while N2’s is in technical communication with some prior
collaborative work in engineering education. N1 and N2 were not provided with formal training
on the codebook use. The intention was to allow N1 and N2 to directly implement the codebook
definitions rather than being influenced by the interpretation of codes by the research team.

Data Collection: One of the three interview transcripts in P1 was chosen for P2. The transcript
was truncated by removing text not related to solving the underlying problem, such

as introductions and discussions of other problems. To finalize the truncated version of the
transcript, the research team members initially prepared their own shortened version of the
transcript before coming to a consensus on the final truncated version to give to N1 and N2. The
research team ensured that the final truncated version provided sufficient opportunities to apply
codes from both the v1 and v2 versions of the codebook. Line numbers were assigned to the
truncated transcripts for analysis. N1 and N2 coded only the primary codes. N1 and N2 received
the truncated transcript, detailed coding instructions, and codebooks through email.

The data collection process was completed in two rounds. To ensure independent evaluation of
both codebook versions by the research team, N1 and N2 were provided with one version of the
codebook at a time. N1 and N2 applied the vl codebook during the first round. A month after the
completion of round one, N1 and N2 received the v2 codebook. A month was chosen so that N1
and N2 would not explicitly remember the definitions of codes in v1 or the transcript’s content.
In the second round, N1 and N2 coded the same transcript as in round one, but now with the v2
codebook. The expert coders (same E1 and E2 as in P1) coded the truncated transcript only once
using only the v2 codebook.

Data Analysis: The coded transcript was analyzed to calculate the ICR of the revised codebook.
Coding of the transcript by N1 and N2 was compared with the expert-coded version completed
by E1 and E2. Each transcript line was entered into a spreadsheet to conduct line-wise analysis.
A line was included in the reliability calculation if at least one of the four coders assigned a code
to the line. Lines with no codes assigned by any of the coders were excluded. N1 and N2 applied
codes differently across the two coding rounds, so the set of lines included in the analysis for v1
and v2 was different. Later lines were binary coded for the presence or absence of each code in
the line to examine intercoder reliability for the codebook using Cohen’s Kappa coefficient [23].
Cohen’s Kappa coefficient was calculated separately for both versions of the codebook across
different coder pairs. The kappa values calculated using SPSS (v. 27) were later compared to
evaluate the difference in reliability of code use across the two versions of the codebook.

Code occurrences were unevenly distributed across the coders, indicating the presence of the
prevalence effect [24]. Under such conditions, kappa values are often low and indicate poor
reliability [25]. The frequency count for each code from E1 and E2 was used as the reference



point for determining whether to calculate kappa values for those codes. A code was considered
sufficiently frequent if both E1 and E2 applied that code at least 11 times in the transcript. Three
codes of the total nine codes (Holistic Prediction, Sensibility Check, and Physiological) fell
below the threshold (Table 1). ICR values for these codes were not calculated.

Table 1: Frequency of each Code used by E1E2 while coding the truncated transcript

Frequency of code use

Codes El )
Data-Based Assessment (DBA) 45 52
Individual Mindset (IM) 44 33
Constraint (C) 29 41
Experience (E) 29 32
Outcome (O) 26 44
Individual Conditions (IC) 15 18
Sensibility Check (S) 15 10
Holistic Prediction (H) 10 3
Physiological (P) 2

Results & Discussion
Phase 1 (P1): Emergent Code Discrepancies in vl Codebook

P1 resulted in the v2 codebook (Table 2; changes in italics). The discrepancies identified during
the consensus codebook revision process revealed recurring patterns across multiple codes. The
identified discrepancies were grouped into four different themes to capture commonalities.

Theme 1: Multiple interpretations of key terms used in code definitions

Discussion between the new! and experienced coders indicated differences in how certain terms
in the code definition of the original codebook were interpreted differently by both groups. These
discrepancies were observed in the definitions of the Holistic Prediction (H), Sensibility Check
(SC), Individual Conditions (IC), and Outcome (O) codes. For example, when applying the O
code, new and experienced coders assigned different codes to the following excerpt, where the
participant discussed the resolution status of an intermediate problem that occurred while they
were working towards solving the primary problem described.

So, that was another issue that we worked through.

The new coders did not code the underlined segment of the above excerpt as Outcome, whereas
the experienced coders did. During the discussion, the new coders explained that they considered
the excerpt as an intermediate step in the complete problem-solving process, rather than a final
solution to the primary problem. To address this discrepancy and improve the clarity of the code
definition, the experienced coders incorporated the word “intermediate” into the original
definition to read as “any final or intermediate results.”

! Note that "new" coder in P1 refers to four coders with different levels of qualitative experience coding and are
different from the N1 and N2 coders of P2.



Similar discrepancies emerged in coding for H, SC, and IC. The word action embedded in the
description for the H code was identified as the source of the discrepancy. The new coders
interpreted action in a narrow and literal sense and considered action as specific steps carried out
to address a problem. Experienced coders interpretation of the word, which was different from
the new coders included a plan, proposed idea, or proposed solution. The discrepancy was
addressed by adding solution along with action. The SC code discrepancy involved the terms
solution, conscious, and subconscious. The new coders interpreted solution as a proposed plan or
idea that is under discussion and not yet implemented, which was addressed by including actions
in the code definition. The new coders’ limited understanding of applying the criterion of
conscious or subconscious review of the solution/action resulted in discrepancies, which was
addressed with the addition of a note on the SC code application to indicate the possibility of co-
coding the code with H, Data-Based Assessment, Physiological, and Experience codes. For the
IC code, a discrepancy emerged with different interpretations of ability by the new and
experienced coders. The new coders interpreted ability as whether the participant is able or not to
solve the problem because of certain factors, whereas the experienced coders interpreted the
word to also capture participants’ engagement in different strategies or processes to solve a
problem. This discrepancy was addressed by replacing ability with approach.

Theme 2: Lack of clarity on whose perspective a code definition applies to (participants or
others)

Lack of clarity on whose perspective is considered emerged during the application of Constraint
(C), Individual Mindset (IM), Physiological (P), and Individual Conditions (IC). Discussion
between the new and experienced coders addressed whether these codes should be applied only
to the participant’s perspective or could also include perspectives, reactions, or conditions
associated with others described by the participant.

For example, regarding the use of the P code in the following excerpt, where the participant
described team members' reaction (panic) to a particular problem:

And so when that happened, they sort of panic, and they did exactly the wrong
thing

The new coders coded the above excerpt as Physiological, but the experienced coders did not
assign the same code. During the discussion, the experienced coders identified that the original
definition of the code does not explicitly mention that the code is to be used only to capture the
participant’s reaction. To eliminate this discrepancy, the experienced coders included participant
in the refined definition of the code (Table 2). Similarly, for the C and IM code, participant was
added to the refined code definitions to ensure clarity of the code definition for the new coders
and for consistent application. For the IC code, individual in the original definition was
confusing for the new coders. For example, the new coders assumed that individual referred to
both participant and team member, which was different from the experienced coders’
interpretation. This discrepancy was addressed with the replacement of individual with
participant to make it explicit that any condition that influences only the participant’s problem-
solving process would be coded as IC.

Theme 3: Challenges in differentiating the Individual Conditions code from the Constraint Code

This theme captures instances indicating the need for a clear distinction between the use of the
Constraint (C) code from the Individual Conditions (IC) code. Discussion between the new and



experienced coders revealed the new coders’ struggle in distinguishing the application of the IC
code from the C code. For example, in the following excerpt, the participants said:

So, I understand that. But the safety is something we cannot negotiate.

The excerpt indicates the participant’s priority for considering the safety factor in the related
problem-solving process. The new coders coded the participant’s excerpt as C, and the
experienced coders coded it as IC. During the discussion, the new coders explained that they
interpreted safety as a limiting factor in the problem-solving process, whereas the experienced
coders explained that participants’ emphasis on the safety factor was due to their own personal
experience based on the transcript context. The C code applies solely to the problem itself. Any
problem solver would experience it, whereas IC varies from person to person. To address this
discrepancy, the experienced coders added a detailed note on the C and IC code application
(Table 2). Both notes highlighted differentiating elements related to the application of C and IC
codes, including phrases such as irrespective of problem solving and guiding questions to clarify
the difference between the C and IC codes.

Theme 4: Limited operational guidance for code application

The final theme involves the cases where the original definition of the code was clear and easily
understood by the new coders, but the descriptors or code application notes needed changes for
Data-Based Assessment (DBA), Individual Mindset (IM), and Experience (E) code.

For example, in the following excerpt pertaining to DBA, the participant discussed a rule of
using 32.2 in unit conversion for certain calculations:

So, you know, the rule of thumb was, you just start multiplying and dividing by
32.2 until you get to the right order of magnitude, right, you know.

The experienced coders used DBA for this excerpt, while the new coders did not. During
the discussion, the new coders noted that the participant’s discussion seemed like a
standard process for doing things in a discipline, which is an expected process and not a
specific approach the participant used to solve the problem. Additionally, the new coders
mentioned that the DBA code definition and description did not provide any information
on whether or not to consider standard operating procedures as DBA. Considering the
new coders’ explanation, the experienced coders included “following a standard
procedure or stepwise process for the discipline, no research or analysis, no reasoning
or justification” in the descriptor for the DBA code (Table 2), while leaving the original
definition unchanged.

For the IM and E codes, code applications notes were added. The new coders often struggled
with the IM code when participants referred to standard disciplinary knowledge. For example, in
a systems engineering context, transcript excerpts describing structural design trade-offs, well-
established safety risks, and known performance tests are part of the standard disciplinary
knowledge. The new coders coded this standard knowledge as IM, which was not correct. To
address this discrepancy, the experienced coders added an application note to the code, “does not
apply to perspectives that are general knowledge within the field (e.g., known safety risks
described as dangerous).”



Table 2: Refined version (v2) of the LITES codebook (italicized text shows change to the codebook)

Codes

Definition

Descriptors

Constraints (C)

Anything described explicitly or implicitly by the participant that limited
or restricted problem solving or that amplified existing constraints

Time, resources, money, outside influence, ambiguity, risk,
politics, specifications, goal, contract

Notes on C Applies to anything that limits the problem itself irrespective of who is solving the problem. Distinct from Individual Conditions which are

Application unique to the problem solver (but may similarly “constrain” problem-solving). Key question to differentiate between Constraints and
Individual Conditions: If another engineer were in the participant’s position, would they experience the same limitation/restriction? If
yes, Constraints; if no, Individual Conditions

Individual Mindset | Description of a perspective or attitude participant had/has about Attitude, Passion, opinion, as a women, as a men, I see

(IM) anything including of situation, themselves or others engineering as...

Notes on IM Does not apply to perspectives that are general knowledge within the field (e.g. known safety risks described as dangerous).

Application

Experience (E)

Knowledge acquired through observation or doing relevant work
(outside of academic education) or knowledge missing from a lack of
such experience

Relevant to job/work/career path, applicable encounters, life-
lessons, never seen before

Notes on E Includes participant’s descriptions of leveraging other’s experience (or lack thereof).
Application
Holistic Anticipation and/or assessment (prediction) of the effects of potential Holistic perspective, systems view, big picture thinking, if we
Prediction(H) actions or solutions often through use of a “big picture” perspective do X then Y, impact
Data-Based Evidence- or knowledge-focused approaches to problem solving or a Evidence-based, justification, analysis, gathering information,
Assessment lack thereof following a standard procedure or stepwise process for the
(DBA) discipline, no research or analysis, no reasoning or
Justification
Sensibility Conscious or subconscious review of potential solutions/actions to In the ballpark, what I should expect, does that answer make
Check (S) assess whether the solution/action is reasonable in the context sense, make sure
Notes on S Often (but not always) co-coded with another Problem-Solving Approach (Holistic Prediction, Data-Based Assessment, Physiological,
Application Experience). Occurs after identification of a proposed solution/action.
Physiological (P) Participant’s indescribable, subconscious (physical or emotional) Gut-feeling, doesn't feel right, I don't know, I just do, internal
reactions that suggest a possible solution/action or that occur in response | response, something not seeming right despite data, initial
to a proposed or actual decision/action reaction, instinct
Individual Any condition described explicitly or implicitly by the participant that | Fear, embarrassment, hesitation, stress, confidence, trust,
Conditions (IC) uniquely affected their problem-solving approach liking, motivation, comfortable, empowerment, tech as a tool
Notes on IC Applies only to conditions affecting the participant themselves, not others (such as team members). See Constraints for note on key
Application questions to differentiate Individual Conditions and Constraints.
Outcome (O) Any final or intermediate results from problem-solving actions or Outcome, result, effect

inactions




For the E code, the new coders did not apply the code when participants discussed using other
people’s experiences (e.g., colleagues, seniors, team members). The experienced coders
addressed this discrepancy with a note on the application of the E code to the v2 codebook
specifying that the E code “includes participant’s descriptions of leveraging others’ experience
(or lack thereof).”

P1 resulted in the v2 codebook (Table 2). P2 leveraged the new codebook to expand this study
by investigating how consistently N1 and N2 applied the refined codes to the same transcript.

Phase 2 (P2): Improved ICR with v2 Codebook

An overall improvement in ICR was observed with the use of the v2 codebook for the external
coder pairs (Table 3). According to Landis and Koch's [26] benchmark, Cohen’s Kappa value
reported in this study can be interpreted as slight agreement for kappa values between 0.0-0.20,
fair agreement for 0.21- 0.40, moderate agreement for 0.41-0.60, substantial agreement for 0.61-
0.80, perfect agreement for 0.81-1.0, and values below zero indicate poor agreement. It is
important to note here that our focus is not on the ICR values obtained with v1 and v2
codebooks, but rather on the differences between these values. The agreement between the
external coders (represented as N1N2) increased notably from slight to moderate (x = 0.158 with
vl and k = 0.460 with v2), showing that their application of codes was more consistent while
using v2. The increased kappa value (agreement) for N1N2 with the v2 codebook is also closer
to the expert coder pair (E1E2).

For N1N2, the high kappa value with the use of v2 suggests that the refinements to the codebook
improved the clarity of the definitions and supported more consistent use of the codes by N1 and
N2, hence improving the reliability (reproducibility) of the codebook [19]. Although E1 and E2
coded the transcript only once, the results (Tables 3 and 4) show two different kappa values for
vl and v2 due to differences in the number of lines that have applied codes across all four
coders. These results reflect that methodological decisions on average slightly influenced the
ICR values, not that agreement improved between E1 and E2.

Table 3: Cohen’s Kappa value for each coder pair across two versions of the codebook

Codebook Version NIN2 N1E1 N1E2 N2E1 N2E2 E1E2
Original (v1) 0.158 0.214 0.299 0.261 0.372 0.512
Refined (v2) 0.460 0.354 0.442 0.330 0.321 0.516

Across the six individual codes that met the minimum count threshold (Table 1), Cohen’s Kappa
value improved for N1N2, except for the IM and O codes (Table 4). For each code, the change in
agreement level across v1 and v2 was assessed using Landis and Koch's criteria [26].
Improvement was considered when the N1N2 agreement shifted to a higher category (e.g., from
slight to moderate or from fair to moderate).

When the agreement level remained unchanged, improvement was evaluated by examining
whether N1N2 agreement moved closer to E1E2 agreement. For NIN2, the change in level of
agreement was noteworthy for both the C and IC codes (from slight to moderate), suggesting that
the revised definitions and the addition of application notes with C and IC in v2 made these
codes easier for N1 and N2 to interpret and apply more consistently. For the DBA code,
agreement between N1 and N2 improved from slight to fair with the use of v2, but remained
lower than E1E2 pair. This result suggests that further improvement in agreement is more likely



to come from coder training. The level of agreement for the code E remained moderate with the
use of v2, but the revised definition reduced the difference between NIN2 and E1E2 agreement
levels, suggesting more consistent interpretation across coders with different levels of
experience.

Table 4: Cohen’s Kappa value for six codes across both versions of the LITES codebook

Code Codebook Version NI1N2 N1E1 N1E2 N2E1 N2E2 E1E2
vl 0.158 0.214 0.299 0.261 0.372 0.512

¢ v2 0.460" 0.354 0.442 0.330 0.321 0.516
vl 0 0.027 0.013 0 0 0.432

™M v2 -0.008 0.035 -0.010 -0.030 0.027 0.433
vl 0.431 0.355 0.524 0.242 0.564 0.614

E v2 0.5457 0.389 0.422 0.513 0.650 0.629
vl 0.023 0.283 0.232 0.366 0.606 0.599

bBA v2 0.383" 0.527 0.648 0.352 0.407 0.682
vl -0.009 0.218 0.346 -0.01 -0.01 0.502

1€ v2 0.558" 0.292 0.247 0.530 0.387 0.503
vl 0.194 0.022 0.283 0.222 0.201 0.527

© v2 0.176 0.447 0.543 0.214 0.212 0.551

* Change in agreement level. "No change in agreement level but moved closer to the expert.

In contrast, the level of agreement for the IM and O code reduced with the use of the v2. For the
IM code, the kappa value was less than zero, which means poor agreement [26] between N1 and
N2. Further investigation revealed that N1 and N2 identified a low number of instances of the IM
code in the transcript for both the v1 (N1=10; N2=0) and the v2 (N1=1; N2=3) codebooks,
compared to E1 and E2 (E1=44; E2=33). These numbers indicate that N2 identified more
instances of the code with v2, but those instances were not the same as those coded by the other
coders.

The mismatch in how the code was applied by N1 and N2 with v2 led to more chances of
disagreement between the coders, which reduced their overall agreement and lowered the kappa
value [27]. For the O code, agreement between N1 and N2 did not improve with the use of v2.
For the IM and O codes, the difference between N1N2 and E1E2 agreement levels remained
large, suggesting that IM and O codes are harder for new coders to apply consistently without
guided support from experienced coders.

Although v2 improved the agreement levels for most codes between N1 and N2 coders, a
noticeable difference in kappa values between N1N2 and E1E2 remained. For example, the
agreement for N1N2 for the DBA code with v2 (0.383) was lower than for E1E2 (0.682). This
difference in kappa values may be due to differences in the level of familiarity with the data
between the two coder groups, which influenced their code application and agreement levels. E1
and E2 were more familiar with the transcripts because of their involvement in data collection
(interviewing participants), which provided them with more context to support their
interpretations of the data. Also, E1 and E2’s engagement in the development and refinement of
the codebook through consensus discussion may have resulted in more consistent application of
the codes. For the E and IC code, N1N2 agreement were closer to those for E1E2, suggesting



more alignment in code application between the new and experienced coders. This reduced
difference between N1N2 and E1E2 suggests that the revised definitions supported consistent
interpretation of codes by N1 and N2, despite their different disciplinary backgrounds.

Implications

With an improved inter-coder reliability, the v2 codebook results in a more consistent application
of the codebook to capture the use of intuition in the engineering problem-solving process. This
work provides methodological advancement by outlining a discussion and consensus-based
approach that involves the engagement of new coders in discussions about code application.
These discussions revealed the new coders’ understanding of code definitions, implementation
challenges, and provided insights into where modifications could be made. The discussion and
consensus-based approach resolves discrepancies in code interpretation and improves
consistency in code use by the coders beyond the research team. The approach can be applied to
other areas where researchers aim to develop a codebook for broader applications.

Conclusion

This two-phase study was conducted to make the LITES codebook more robust for researchers
within and beyond the original team. P1 revealed discrepancies associated with each code in the
codebook through detailed discussion with coders who had no prior experience using the
codebook. These discrepancies were addressed through targeted revisions of definitions and
descriptions in the addition of notes clarifying code application, using a discussion and
consensus-based approach. P2 investigated the intercoder reliability of both versions of the
codebook with two new external coders. The v2 codebook resulted in improved ICR values
overall. The v2 codebook showed greater consistency in code use among N1 and N2, indicating
more stable and aligned code use. These findings show that a discussion and consensus-based
approach grounded in new coders’ feedback (with no experience with the LITES codebook) can
meaningfully improve a codebook. The study provides a revised LITES codebook as a more
robust tool for studying engineering intuition, while demonstrating a useful approach for refining
codebooks in general.
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