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Abstract

Assessments of extreme psychological constructs often face a persistent challenge: the
ceiling effect, in which a significant proportion of respondents select the highest score on a
scale, thus obscuring meaningful variation within the population. This effect may have
profound consequences in studies of extreme psychological constructs. To address this
limitation, we present a novel framework that integrates Multistage Testing (MST) with
open-ended questions that are automatically analyzed by large language models (LLMs).
This hybrid approach adapts the survey questions to the respondent while leveraging LLMs
to efficiently and reliably interpret free-text answers from large-scale online surveys. Using
a case study on aversion toward cockroaches, we show how our method can effectively
eliminate extreme ceiling effects, revealing hidden data distributions that are often obscured
by extreme responses to conventional Likert-type survey questions. We also validate our
method by comparing LLM performance to expert human annotations. This demonstrates
the consistency and reliability of LLMs in evaluating free-text answers. This framework
offers a generalizable methodology that enables more precise and sensitive quantitative
measurement of extreme psychological constructs, allowing researchers to study topics
that until now were inaccessible due to significant, inherent ceiling effects.

Keywords: large language models; multistage testing; psychological assessment; extreme
psychological constructs; ceiling effect; survey analysis; automated scoring

1. Introduction
Psychological measurements (the quantification of cognitive, emotional, and behav-

ioral constructs) are fundamental in multiple research domains. In healthcare, psychological
assessments guide diagnosis and treatment, directly affecting patient outcomes [1]. In ed-
ucation, assessments of both student-learning and teacher-instructional experiences are
vital for both formative improvement and summative evaluation of teaching and learn-
ing [2]. In human–computer interaction, understanding users’ psychological states is key
to user-centered design, as integrating psychological principles into system design boosts
engagement, motivation, and overall user experience [3].

Studies employing self-report psychological measurements often incorporate open-
ended questions, which allow individuals to express their perspectives in their own words
rather than constraining their responses to predefined categories. This approach gives
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researchers access to rich and complex insights into participants’ perceptions and emo-
tional experiences, facilitating the discovery of underlying processes, motivations, and
context-specific phenomena that may not emerge from closed-ended items. However,
these advantages come with notable trade-offs. In particular, interpreting and coding
open-ended responses is labor-intensive, often resulting in smaller sample sizes and limited
statistical generalizability [4–7]. In addition, the manual nature of this work can introduce
subjectivity into the interpretation and classification of responses and may be suscepti-
ble to researcher bias (e.g., “confirmation bias”, where the interpretation of answers is
subconsciously biased to confirm the researcher’s pre-existing beliefs or values), poten-
tially compromising the reliability and validity of findings [8]. Furthermore, the absence
of standardized response formats complicates cross-participant comparisons and poses
challenges for integrating open-ended data with quantitative measures, often necessitating
sophisticated mixed-methods approaches to improve the reliability of conclusions [5,9].

In contrast, the use of closed-ended items to measure psychological constructs enables
researchers to collect data more efficiently, accommodate larger sample sizes, and obtain
more standardized and precise measurements. This structured approach enhances the
feasibility of statistical analyses and strengthens the ability to establish robust empirical
relationships [5,10,11]. Although closed-ended items lack the depth and richness of open-
ended formats, they are particularly suitable for large-scale internet surveys—a convenient
and cost-effective means of data collection in the social sciences. Nonetheless, such items
may introduce significant biases. Unless mitigated a priori or addressed post hoc, these
items may be unsuitable for capturing certain types of knowledge.

One such bias is known as the “ceiling effect” (or the opposite “floor effect”), which
occasionally occurs in surveys that use Likert scales, when more than 15% of respondents
choose the highest (or lowest, in the case of a floor effect) possible score, resulting in reduced
variability and limiting the ability to detect differences between individuals [12,13]. This
clustering at the upper end of the measurement scale can mask true relationships between
variables, thus compromising the accuracy and interpretability of statistical analyses [14,15].
If no existing methodology can adequately address the ceiling effect in a key parameter,
research on affected topics may stall, rendering even straightforward research questions
intractable. A good example of this is the case of entomophobia (the fear of insects) [16,17].

In a recent study on entomophobia, Gish et al. [18] hypothesized that a higher level of
entomophobia leads to greater use of insecticides in homes. Despite the seemingly trivial
nature of the research question and the large scale of the study, the authors appeared to
have hit a measurement wall: self-ratings of entomophobia toward common household
arthropods clustered at the top end of a 7-point scale, forming a clear ceiling effect with
47–50% of respondents choosing the highest score on the scale (Figure 1a). Even though
entomophobia was prevalent and intense in the sampled population, and household
insecticides were used frequently, no meaningful correlation between these two variables
was detected. Rather than accepting this null result at face value, the authors suggested
that the ceiling effect they observed had led to a Type II error (failure to reject a false null
hypothesis). Consequently, since there was no other self-report method that can reliably
and directly measure levels of phobia toward highly aversive creatures such as spiders and
cockroaches, research on entomophobia’s causes and consequences could not be advanced.

One promising solution to the ceiling effect in studies of common and extreme phobias
is computerized adaptive testing (CAT), an algorithm-based method of administering
exams that adapts to the performance of the test-taker during the test itself [19,20]. One form
of CAT, which takes a related but different approach, is the computerized multistage testing
(MST): instead of selecting individual items according to item response theory (IRT), the
algorithm routes respondents through fixed sets of items (modules), each calibrated to
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a different level of ability [20]. In recent years, MSTs have been adopted in large-scale
assessments, demonstrating comparable precision to classical CAT while offering greater
content control and more predictable operation [21].
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Figure 1. Framework of the proposed methodology. (a) How a ceiling effect may arise in a survey on
extreme psychological constructs. (b) A hybrid survey design combining multistage testing (MST)
with open-ended items, augmented by LLM-based response interpretation and quantification.

However, while improving measurement accuracy, an MST will not eliminate the
tendency of respondents with high phobia to select the top category on the measurement
scale. A practical solution could be to replace fixed-choice items within the MST with
open-ended questions describing hypothetical situations, thus allowing participants to
describe what their thoughts and feelings would be in those situations in a free-text form.
This approach would make it more difficult for respondents to reach the highest possible
score, and it would also eliminate the “reference group effect,” in which respondents assess
themselves relative to their perceived peers rather than an absolute standard [22], since
respondents are not asked to rate themselves on a measurement scale. The interpretation
and coding of free-text responses could reveal important variations that would otherwise be
hidden at the extreme end of the measurement scale. Therefore, integrating open questions
into an MST could potentially mitigate data skewness caused by the ceiling effect, thus
increasing the sensitivity of the test to nuances of extreme phobia.

At the same time, the high resource demands and other limitations and potential
biases involved in turning free-text responses into quantitative data by human interpreters
would make it difficult to employ a hybrid MST/open-ended design in decently replicated
online surveys. To do this, an automated interpretation of the free-text responses would be
required. We propose adopting a recently popular automatic methodology from the field
of Natural Language Processing (NLP), for analyzing and classifying textual responses to
open-ended questions, namely, LLM-as-a-judge [23,24].

Large language models (LLMs) have demonstrated remarkable abilities in interpret-
ing, analyzing, and reasoning about textual data [25–28]. Specifically, LLM-as-a-judge is a
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paradigm in which LLMs are used to annotate data and evaluate models, replacing human
annotators and judges [29]. One key advantage of the LLM-as-a-judge paradigm is the
scalability, speed and cost-effectiveness of LLMs. In our case, LLMs have the ability to
quickly classify numerous responses to open-ended questions, based on the researcher’s
instructions outlined as a prompt submitted to the LLM. This action obviates the need to
manually classify responses, a task that is time-consuming and could introduce inconsis-
tencies and subjectivity biases, which often affect the reliability of large human-annotated
datasets [30–32].

LLMs are increasingly being employed as reasoning engines, combining their encoded
knowledge with expert knowledge inserted by prompt to support research in various
domains [33,34]. By combining a knowledge-based LLM with a structured, open-ended
MST, we establish an adaptive and automated psychological assessment framework capable
of mitigating ceiling effects and capturing subtle variations in extreme psychological
constructs within large population samples. Our proposed framework is illustrated in
Figure 1b.

The contributions of this research are threefold. First, we develop an MST-based
adaptive testing framework tailored specifically for open-ended responses, which mitigates
the ceiling effect. Unlike traditional MST-based survey systems, which rely on predeter-
mined item banks of closed-form questions, our approach uses open-ended questions and
LLM-based analysis of free-text responses, thus supporting large-scale surveys. Second,
we offer a methodological implementation and validation of LLMs as reliable evaluators of
psychological constructs by benchmarking their performance against human judgments.
Third, we demonstrate the applicability of the MST–LLM framework through a case study
on cockroach aversion, demonstrating how this integration mitigates the ceiling effect, thus
allowing better measurement precision and richer insights, compared to what conventional
self-report methods offer when used for measuring extreme psychological constructs.

2. Related Work
In this work, we address two key challenges that could be encountered when trying

to measure extreme psychological constructs. The first is the ceiling effect, which arises
when traditional scales fail to capture meaningful variation because many respondents
select the highest option. The second challenge arises from our proposed solution—using
open-ended questions to mitigate the ceiling effect—which creates the need for analysis
methods suited for large-scale studies, where manual annotation is impractical. To tackle
the latter, we adopt the emerging LLM-as-a-judge framework, in which LLMs are used to
automatically evaluate and interpret free-text responses.

2.1. The Ceiling Effect

The ceiling effect is occasionally found in surveys that use Likert scales, when more
than 15% of respondents choose the highest possible score, rendering their scores undistin-
guishable from each other [13]. The ceiling effect could be a major concern, for example, in
patient satisfaction surveys [15,35,36], or when researchers apply an existing measuring
instrument to a new population with higher levels of the construct than the population
for which the instrument was originally developed [37]. If unaccounted for, a ceiling
effect can significantly lower the measuring instrument’s validity (the degree to which
an instrument truly measures what it purports to measure), its responsiveness (the abil-
ity to detect change), and its reliability (the degree to which the measurement is free of
measurement error) [37]. When research data are subject to a ceiling effect, the resulting
skewed distribution often violates the normality assumptions required for many statistical
tests. As a consequence, non-parametric analysis methods, which generally have lower
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statistical power, must be employed [38]. To mitigate ceiling effects, researchers use both
design-based and analytical strategies.

On the design side, improving the response scale may allow, in some cases, finer
distinctions among high-end responses [39]. This could be done by using an unbalanced
scale with more positive labels than negative ones (a positively packed scale) or adding
textual labels to all or most values on the scale [36,37,39–41]. Some researchers also report
lower ceiling effects when replacing Likert-type items with visual analogue scales (a
continuous measure that allows respondents to indicate any position on the scale that
best represents their opinions) [42–44]. Another approach is to switch to a mixed-methods
design, integrating fixed scales with open-ended questions that are manually interpreted
and coded [45]. Alternatively, researchers may choose post-hoc analytical tools for dealing
with ceiling effects after the data has been collected. Treating maximum scores as censored
values permits the use of Tobit or other censored regression models to adjust for the
restricted range and recover more accurate estimates [46,47].

However, these methods may fail in studies of mental health extremes or when
research targets particularly sensitive, emotionally charged, or taboo subjects [48,49]. In
these instances, altering the response scale is often insufficient to counteract the ceiling
effect, since respondents tend to provide the highest possible ratings regardless of the
number of points on the scale, which descriptors are used, or how positively skewed the
options might be. In such cases, the reference group effect [22] should also compromise the
accuracy of the measurement tool. For example, if two individuals have similar levels of a
certain extreme psychological construct, they may rate themselves differently: one choosing
6 and the other 7 on a 1–7 scale, simply because the first knows someone with even stronger
aversion, while the second does not. Furthermore, when intense emotions or affective
attitudes give rise to significant ceiling effects, post-hoc analytical techniques cannot remedy
the resulting skew, since the genuine variability across much of the population is never
captured in the first place. Therefore, in some cases, ceiling effects can create significant
barriers to knowledge acquisition that cannot be overcome with statistical methods or by
improving the response scale.

More recently, it has been suggested that generative AI could assist in designing
traditional questionnaires that adhere more strictly to psychometric principles. While
utilizing LLMs to refine item wording may improve clarity and reduce ambiguity, these
improvements do not resolve the fundamental structural limitation of fixed-choice scales:
the finite set of response options. Even an optimally designed Likert item constrains the
respondent to a discrete bin. In cases of extreme psychological traits, where the variation
occurs at the tail of the distribution, discrete options, regardless of how well-written, fail to
provide the necessary granularity.

2.2. Multistage Testing

MST is essentially a form of computerized adaptive testing (CAT), an algorithm-based
method of administering exams that adapts to each test-taker’s performance [20]. CAT
dynamically selects test items based on previous answers, thus reducing test length and
increasing measurement precision [50]. Unlike traditional linear tests, where all participants
receive the same set of items, a CAT selects each subsequent question in response to the
previous answer; correct answers are followed by more difficult questions that award a
greater number of points, while incorrect answers lead to easier questions that yield fewer
points [51]. MST, however, takes a related but different approach: instead of selecting
individual items according to item response theory (IRT), the algorithm routes respondents
through fixed sets of items (modules), each calibrated to a different level of ability [20]. In re-
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cent years, MSTs have been adopted in large-scale assessments, demonstrating comparable
precision to CAT while offering greater content control and more predictable operation [21].

While conventional MSTs are typically used to assess cognitive skills or abilities, our
approach adapts the MST framework for measuring psychological constructs. In this
adaptation, respondents are routed by an initial routing question to a module appropriate
to their indicated level on the construct of interest. Rather than right-or-wrong questions,
these modules employ open-ended questions. A direct consequence of implementing this
hybrid MST/open-ended design in large-scale surveys is the generation of substantial
volumes of free-text data that require systematic interpretation and scoring. For instance,
in Gish et al. [18], if each respondent had provided six free-text answers (as in our pro-
posed design), the resulting dataset would have comprised approximately 15,000 responses,
rendering manual coding impractical. Thus, the feasibility of this methodology is contin-
gent upon automated scoring of responses, making an LLM that serves as an automated
evaluator an integral component of the proposed framework.

2.3. LLM-as-A-Judge

The rise of LLMs has also brought the advent of LLM-as-a-judge. Originally, the
term “LLM-as-a-judge” referred to the use of LLMs for evaluating the outputs of other
models within NLP tasks [23]. Over time, however, the approach has expanded to in-
clude a broader range of applications, such as general evaluation of models, annota-
tion of datasets, and labeling of both text and image—tasks that were traditionally per-
formed by humans [23,52–54]. This approach is applied not only in NLP. For example,
Gilardi et al. [32] evaluate GPT as an annotator for political text classification and show it
can match average annotator accuracy, and Argyle et al. [55] use LLMs to simulate survey
respondents and to label attitude-relevant text.

In this work, we adopt the LLM-as-a-judge framework for a new purpose: the analysis
of open-ended survey responses and the classification of respondents according to levels
of a measured attribute. The use of LLMs for the analysis of survey responses is still lim-
ited [56,57]. Some similar applications use LLMs to analyze open-ended responses to test
questions [58,59] and for qualitative analysis [60]. However, applications in psychological
research are scarce [61], largely due to concerns about hallucinations, biases, and the diffi-
culty of ensuring consistent and reliable judgments [62,63]. These concerns are especially
pressing when working with open-ended responses, since LLMs are particularly vulnerable
to hallucination, over-interpretation, and confirmation bias. Consequentially, they may
impute sentiments or motives not evidenced in the text, collapse minority or ambivalent
expressions into normative categories, or conflate sarcasm and figurative language with
literal meaning [32,64,65].

Given these challenges, it is necessary to methodically test whether the LLM-as-a-judge
performs well in the context of analyzing survey responses. In this work, we contribute
to this agenda by outlining validation strategies; specifically, we adopt the alternative test
outlined in Calderon et al. [29] to test if the LLM is a suitable replacement for a human
judge. We also discuss the conditions under which LLM judgments can be trusted, and
offer practical guidelines for prompt design and model selection that could help reduce
bias and improve reliability of AI analysis.

3. Methods
The methodology presented in this paper combines a hybrid MST/open-ended design

with LLM-based analysis of free-text responses. This analysis categorizes responses into prede-
fined levels of a certain psychological construct, thus facilitating its quantitative measurement.
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This methodology addresses the ceiling effect in two principal ways. First, by re-
placing Likert-type scale items with open-ended questions, we reduce the likelihood that
respondents will easily choose the highest score. Attaining the highest rating would now
require providing free-text responses that genuinely reflect the most extreme manifestations
of the measured construct—a task that would be inherently challenging. Additionally, the
open-ended format mitigates reference-group effects, as respondents are less able to bench-
mark their answers against perceived peer norms. Second, the MST structure increases
measurement resolution at the upper end of the scale, and the tailoring of questions to each
respondent’s level enhances the reliability and validity of the assessment.

3.1. Modules

An MST is composed of modules, each of which corresponds to a distinct level
of the underlying trait being assessed. For example, in the case of measuring fear, the
modules might represent no fear, mild fear, and extreme fear. To ensure clarity and
usability, it is crucial to define a limited number of modules, with each representing a
meaningfully distinct level of the trait. If the number of modules is set too high, it is
difficult to formulate questions that are clearly suitable for a given module, rather than an
adjacent one. Consequently, the boundaries between the modules blur, and this reduces
the reliability of the survey. On the other hand, setting the number of modules too low
risks making the survey indistinguishable from a standard, linear format, thereby failing
to address the ceiling effect that MST is designed to overcome. Therefore, we recommend
using a structure of 3–5 modules to balance accuracy with effectiveness.

3.2. Routing Question for Module Assignment

To assign each respondent to the appropriate module, we recommend starting the
survey with a closed-ended routing question, since an open-ended question would require
real-time, unsupervised decision-making by the LLM, which may be unreliable. A closed-
ended routing question works well here, as its purpose is not to measure the trait directly
but rather to classify participants into the most suitable module. While this question may
be subject to a ceiling effect, the impact of such an effect would be minimal because the
subsequent open-ended questions inside each module are designed to further subdivide
participants into finer-grained levels. If respondents misjudge themselves in the routing
question (e.g., an individual with a high level of aversion that chooses an answer that
indicates a medium level), then an overlap between adjacent modules (explained below)
would still allow that respondent to achieve a higher final score.

3.3. Survey Questions

The survey is composed of open-ended questions describing various hypothetical
scenarios, asking respondents to describe what their thoughts and reactions would be
in such situations. The questions vary in the degree to which the described scenario
aims to evoke the measured psychological construct (“harshness”). The harshness of
the questions varies between modules, as a question that elicits a strong reaction from
participants positioned at the higher end of the scale may generate little or no reaction
from those at the lower end. Accordingly, question harshness is adapted to the module in
which each question is included, ensuring that the questions are relevant and appropriately
challenging for respondents at different levels of the measured construct. To allow variable
performance within each module, the questions it contains should elicit a certain range
of possible responses; for example, in our case study (Section 3.6), two questions in each
module aimed to evoke relatively low levels of the measured construct, two were aimed at
medium levels, and another two targeted high levels of the measured construct. This way,
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each module contained a balanced set of six questions that together covered a wide range
of the measured construct. An illustration of the survey’s structure appears in Figure 2.

Routing Question

Assign to Module

Module 1 (Low Tier)
Items: Levels 1, 2, 3

Module 2 (Med Tier)
Items: Levels 4, 5, 6

Module 3 (High Tier)
Items: Levels 7, 8, 9

Increasing Trait Intensity

Figure 2. Survey structure. The routing question assigns respondents to a module corresponding
to their estimated trait level. Note that “Low” items in Module 3 (e.g., Level 7) represent a higher
absolute intensity than “High” items in Module 1 (e.g., Level 3).

While conventional MSTs are typically used to assess cognitive skills or abilities, our
approach adapts the MST framework for measuring psychological constructs. In this
adaptation, respondents are routed by an initial routing question to a module appropriate
to their indicated level on the construct of interest. Rather than right-or-wrong questions,
these modules employ open-ended questions. A direct consequence of implementing this
hybrid MST/open-ended design in large-scale surveys is the generation of substantial
volumes of free-text data that require automatic interpretation and scoring.

3.4. Analysis of Survey Responses

The analysis of survey responses is conducted automatically with LLMs that classify
each response into a specific level of the measured trait. The input to the LLM is a prompt
that contains the survey question, the participant’s response, and instructions for classifica-
tion together with the desired output format. The model’s output is a categorical decision
corresponding to the evaluated trait intensity level.

3.4.1. Classification Instructions

An essential element of prompt design is the clarity of classification instructions
provided to the LLM. The model should be explicitly directed to assign each response to
one of the predefined categories, without generating additional interpretations or free-text
elaborations unless specifically instructed. It should be noted that some models, such as
GPT-4o, are optimized for step-by-step reasoning, which may not align with the strict
adherence to instructions required in this context. To achieve optimal prompting, we
recommend the following workflow (see example in Appendix B):

1. Define a small number of classification categories (e.g., low, medium, high).
2. Provide detailed descriptions of the types of responses that are appropriate for

each category.
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3. Clearly delineate category boundaries to minimize ambiguity and reduce the likeli-
hood that a single response could fit multiple categories.

4. Incorporate keywords within the classification instructions whose presence may assist
the LLM in distinguishing between categories.

5. Specify the desired output format, such as outputting only the label, or the label
accompanied by a brief justification.

6. Prohibit any speculative inferences about the respondent’s background, motivation,
or intent beyond what is explicitly stated in the response’s text.

7. Conduct a small-scale preliminary survey and refine classification instructions based
on observed response content. At this stage, it is often necessary to further clarify the
separation between categories.

8. Have an LLM classify the responses from the preliminary survey. Then, visualize the
distribution of classifications for each question (see Appendix D). This would allow
the researcher to detect unbalanced distributions or deviations from expected patterns,
which may indicate flaws in the instructions.

9. Revise the instructions as needed in light of the outcomes of the previous stage. Occa-
sionally, the wording of the survey questions themselves may require modification to
support proper classification. This iterative process of re-running the LLM classifica-
tion and revising should be repeated as necessary, until the classification distributions
meet expectations.

10. Administer a second small-scale preliminary survey to ensure both the survey ques-
tions and classification instructions are optimally designed.

In our study, we also experimented with few-shot prompting [66], a method in which
the prompt includes a few labeled examples to guide the LLM in subsequent classifications.
However, since open-ended questions allow the respondents to express themselves openly
and in diverse ways, we found that few-shot prompting offered no clear advantage over
explicitly defining the label categories within the prompt. It is important to emphasize that
classification is performed at the level of individual responses rather than across the full set
of a participant’s answers. Providing all responses to the LLM at once and requesting a
single, overall classification would encourage the model to average or infer patterns across
responses, potentially amplifying biases or overlooking meaningful variation between
items. In contrast, classifying each response separately preserves the item-level distinctions
that are fundamental to the MST design. This ensures that subtle expressions of the trait
are not lost, enabling the detection of abnormalities and contradictions, thus allowing
the scoring system to weigh responses appropriately across modules. The final score is
therefore derived from an aggregation of these independent classifications, following the
differentiated scoring scheme described below, which both respects the hierarchical module
structure and enhances measurement precision.

3.4.2. Filtering Non-Human Responses—Bot and AI Detection

Ensuring data quality is critical when analyzing survey responses, particularly with
large-scale surveys that are deployed online. Some responses may be generated by auto-
mated agents or AI systems rather than genuine human participants. To mitigate this risk,
we implement a combination of heuristic and model-based approaches for bot detection.
This procedure should be applied prior to analyzing the survey responses.

Researchers should conduct a post-survey screening to identify and exclude submis-
sions that are automated, low-effort, or intentionally contrarian. This involves removing
responses that are too short, irrelevant, not serious, off-topic, or unreasonably lengthy, as
well as detecting answers that appear to be LLM-generated. For example, responses that
end with generic prompts to elaborate further or that provide multiple possible answers
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depending on a choice from several possible hypothetical personalities. Screening can be
carried out both manually and with the help of AI tools to ensure greater accuracy.

When participants are recruited through online platforms such as Prolific or Amazon
Mechanical Turk, researchers should also implement a verification step. Participants
can be asked to report their age or another piece of demographic information stored
in the platform’s database, and the reported data should be cross-checked against the
platform’s metadata. Any discrepancies should be flagged as potential indicators that a
participant is non-human or otherwise unreliable. Responses flagged using these methods
can either be removed or subjected to manual inspection to confirm authenticity. This
filtering step increases the chances that subsequent analysis will rely on high-quality,
human-generated data.

3.4.3. Scoring Scheme

We recommend classifying each response into one of three levels—low, medium, or
high—corresponding to the relative intensity of the measured trait within the context of
a given module. However, these levels are not absolute across the entire survey; rather,
their interpretation depends on the module to which they belong. For example, a response
classified as “level 1” (low) in the extreme module does not carry the same meaning as
“level 1” in the mild module. To address this, we assign differentiated numerical scores
when aggregating responses across modules, thereby preserving the hierarchical structure
of the MST design. Importantly, in the final calculation of the overall score, we allow
overlaps between adjacent modules. This means that the highest level of one module may
correspond numerically to, or even exceed, the lowest level of the next module, allowing
some compensation for potential misrouting and retrospective dynamic movement between
modules [67].

As an illustration of a scoring scheme, consider a participant routed to module
m ∈ {1, 2, 3} who provides six classified responses r1, . . . , r6. We define the mapping
from the LLM label to numeric points as follows:

map(r) =


0 if r = A (low aversion)

1 if r = B (moderate aversion)

2 if r = C (high aversion)

(1)

The within-module sum of points for participant i is

Si =
6

∑
j=1

map
(
ri,j

)
, Si ∈ [0, 12]. (2)

To allow higher modules to contribute more strongly to the final score, we add a
module-specific offset Om, defined as

Om = 6 · (m − 1), (3)

so that O1 = 0, O2 = 6, and O3 = 12. The participant’s final score is therefore

Fi = Si + Om. (4)

Accordingly, the ranges of possible final scores for three modules are
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Fi ∈


[0, 12] for m = 1

[6, 18] for m = 2

[12, 24] for m = 3.

(5)

This design creates a six-point overlap between adjacent modules (e.g., scores 6–12 are
possible in both modules 1 and 2), yielding a smoother distribution across the full scale.
The global range of the final scores is Fi ∈ [0, 24]. This approach aligns the categorical
judgments of the LLM with the continuous nature of levels of psychological constructs and
enables finer-grained distinctions in measurement.

3.5. Evaluation of LLM-as-A-Judge

In this study, we adopted the methodology introduced by Calderon et al. [29] to
assess the efficacy of using LLMs as evaluators of survey responses. Their framework,
known as the Alternative Annotator Test (alt-test), provides a statistical approach to de-
termine whether LLMs can reliably replace human annotators in specific tasks, including
judgment tasks.

The alt-test involves comparing LLM-generated annotations against a small, curated
subset of human-annotated examples. By analyzing the agreement between the LLM and
human annotators, the procedure quantifies the reliability and alignment of the LLM’s
judgments. This method allows researchers to justify the use of LLMs as substitutes for
human evaluators in contexts where human annotation is resource-intensive or impractical.

In analyzing open-ended responses to large-scale surveys, we recommend utilizing
this framework to evaluate the performance of LLMs in classifying survey responses
into predefined emotional levels. By applying the alt-test, we ensure that the LLM’s
classifications are statistically comparable to human judgments, thereby validating the
LLM’s effectiveness as a “judge” in this context.

Furthermore, this analysis allows for the evaluation and comparison of multiple LLMs
to determine which model provides the most reliable and accurate judgments. An example
output is presented in Figure 3. According to the alt-test, an LLM with a winning rate
greater than 0.5 can be considered a valid substitute for a human judge. In this figure,
GPT-4.1, GPT-5, and Gemini-2.5-Flash meet this criterion. To facilitate comparison across
models, the advantage probability score is used. This measure calculates the probability
that the LLM is as good or better than a randomly chosen annotator. In Figure 3, GPT-5
achieves the highest performance as a judge. In the following section, we illustrate our
proposed methodology with a case study on measuring aversion toward cockroaches.

Figure 3. Example output from the alt-test methodology.

3.6. Case Study

To test the performance of our new methodology, we chose a psychological construct
that is likely to demonstrate a pronounced ceiling effect—the aversion to cockroaches.
Based on the findings of Gish et al. [18], we expected the data to show a ceiling effect when
respondents rate their aversion toward cockroaches using a Likert-type question.
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Although entomophobia and arachnophobia are generally defined as intense fears of
insects and spiders, negative attitudes toward insects that do not sting or bite humans are
more often driven by disgust than by fear [16]. In our study, the distinction between the fear
component and the disgust component of entomophobia is immaterial, since it is the overall
aversion and its consequences that are of interest. Therefore, instead of “entomophobia,”
henceforth we use “cockroach aversion” and “insect aversion” to refer to general aversion
toward cockroaches and insects. The next subsections describe the experimental setup and
analysis models used to analyze the cockroach aversion survey responses.

3.6.1. Survey Administration

We distributed a computerized survey using the online platforms Prolific (www.
prolific.com) and Qualtrics (www.qualtrics.com). We surveyed 510 adults (255 men,
255 women) between the ages of 25 and 80, residing in the contiguous United States.
We chose only participants who fulfilled the following criteria: living with spouse/partner;
past approval rate: 100%; weekly working hours on Prolific: 0–5 h; household size of
2–6 persons; no romantic partner on Prolific; fluent in English; primary language: English.

The survey was given the generic name “personal views and habits” and was vaguely
described as part of a study on how people interact with their everyday environment. This
was important for minimizing selection bias that could have been caused by the possibility
that people with a high level of cockroach aversion would skip a survey if they knew, a
priori, that it focused on cockroaches. Participants were informed that the survey would
take no more than 10 min to complete, and they were encouraged to provide honest and
detailed responses. Of 529 responses to the survey, we accepted 510. Ten respondents did
not complete the survey, one was timed out, five were excluded due to very short responses,
and three were identified as bots/AI by our non-human filtering procedure. The survey
was conducted during June–August of 2025.

3.6.2. Questionnaire Structure

The questionnaire consisted of two parts. The first part was designed to assess and
quantify participants’ level of cockroach aversion, following the methodology proposed
in this paper. The second part served as a control test for this methodology, measuring
cockroach aversion through a conventional Likert scale-based closed-ended question: On a
scale of 1 to 7, how would you rate the level of aversion (disgust or fear) you feel toward
cockroaches? Where 1 = No aversion at all and 7 = Extreme aversion.

The survey began with a routing question that asked “How aversive (scary or disgust-
ing) do you find cockroaches?” for which respondents could choose one of three answers:
not aversive at all, somewhat aversive, or very aversive. Based on their response to this
question, they were directed to one of three different modules.

In each module, two questions were designed to invoke a relatively low level of
aversion, two aimed at invoking a medium level of aversion, and another two were meant to
invoke a high level of aversion (see summary in Table 1, and the full survey in Appendix A).
Thus, the questions in each module covered a range of potential aversion levels.

3.6.3. Survey Development

The open-ended questions were composed and refined by two experts—an expert
on entomophobia and an NLP expert. All parts of the cockroach aversion quantification
section of the survey were iteratively tested, corrected, and refined through multiple stages
of preliminary, small-scale surveys and performance analyses. These preliminary small-
scale surveys included a total of 165 participants from the same target population, who
were then excluded from the study. The response classification instructions provided to
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the LLMs were composed and refined during the development phase using the responses
collected in the small-scale preliminary surveys.

Table 1. The topics of the open-ended questions used in the study. Each question presented a
hypothetical scenario and then asked the participants to describe what they would think or do in such
a situation. The topics are arranged by module and by the level of aversion each pair of questions
was designed to invoke.

Aversion Level the
Questions were
Intended to Invoke

Question # Topics of the Questions in
Module 1

Topics of the
Questions in
Module 2

Topics of the Questions in
Module 3

Low 1, 2 Seeing a live cockroach in a
place where food is prepared

Being with a dead
cockroach in an
indoor space

Being exposed to symbolic
representations of cockroaches

Medium 3, 4 Picking up or holding a
live cockroach

Seeing live
cockroaches
outdoors

Hearing or reading about someone
else’s encounter with cockroaches

High 5, 6 Ingesting a cockroach or
food that came in contact
with a cockroach

Being with a live
cockroach in an
indoor space

Looking at photography of
cockroaches on a screen

3.6.4. LLM Candidates

To identify the most suitable LLM for analyzing the survey responses, we first sampled
108 responses from all open-ended survey questions (2–3 responses per question across all
modules). According to Calderon et al. [29], a sample of 50–100 is sufficient for testing the
LLM’s performance as a judge in various applications. In addition, we made sure that the
sampled responses were from different respondents to generate a representative sample
of responses and levels of aversion. The authors of this paper manually annotated these
responses into three categories based on their subjective judgment: Type A for minimal
to no aversion, Type B for moderate aversion, and Type C for extreme aversion. The
classification into types was carried out with consideration of the module context, namely
the initial aversion level that participants declared in the routing question. We evaluated
the following LLMs: GPT-4.1 (OpenAI), GPT-4o (OpenAI), GPT-5 (OpenAI), Gemini-2.0-
Flash (Google), Gemini-2.5-Flash (Google). Although more reasoning models are available,
we avoided them after observing that during preliminary testing these models tended to
over-interpret responses, occasionally inferring intentions or emotional subtext that did
not align with a literal reading of the text. The full prompt provided to the LLMs appears
in Appendix B.

We evaluated the LLMs’ performance using the methodology defined in Calderon et al. [29],
which was specifically designed to evaluate LLM-as-a-judge models. The performance out-
comes are presented in Figure 3. Based on these results, we selected GPT-4.1 and GPT-5 as
judging models for the full survey analysis.

3.6.5. Data Analysis

Each participant’s open-ended responses were evaluated by the two selected LLMs.
Both models were accessed via API in zero-shot mode with a temperature of 0, to ensure
deterministic outputs. Responses were submitted individually. Each prompt included the
survey question, the participant’s answer, and a rubric outlining detailed classification
rules. The rubric instructed the LLMs to assign responses to one of three categories: Type
A (low aversion), Type B (moderate aversion), or Type C (high aversion). In addition, the
LLMs could classify a response as Irrelevant if it did not address the question, or as Not Sure
if it was too vague or contradictory. In these two cases, the models were required to provide
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an explanation. Such responses were flagged and subsequently reclassified independently
by one of the researchers according to the same rubric. We evaluated the prompt and the
questions in the survey by comparing the classifications of the LLMs to the researchers’
classifications on an independent set of users who answered the survey in its pilot version.

3.6.6. Score Calculation

In our case study, each module consisted of three item pairs, corresponding to three lev-
els of cockroach aversion. We implemented the 6-point overlap scoring scheme described
in Section 3.4.3. We also tested 5- and 7-point overlap variants, but found no substan-
tial differences among them that would favor one over the others in a goodness-of-fit
test (Kolmogorov-Smirnov) compared to a skewed-normal distribution. We selected the
skewed-normal as a reference because, when surveying a large population about their fear
of cockroaches, the distribution of responses is expected to approximate normality due
to the central limit theorem, while also exhibiting slight skewness. This skewness arises
because many respondents report some aversion to cockroaches, resulting in most scores
clustering toward the upper end of the scale, with fewer but more extreme values extending
toward the lower end.

3.6.7. Bot and LLM Response Detection

To ensure that responses reflected genuine human input, we conducted a post hoc
screening as recommended in Section 3.4.2. This screening was done both manually, and
with the help of ChatGPT (the prompt used for bot detection is included in Appendix C). In
addition, at the end of the survey, we asked participants to report their age. We compared
the reported age with their registered age on Prolific, and discrepancies were flagged as pos-
sible indicators of non-human participants. All flagged responses were reviewed manually
by the authors to decide if the participants who provided them should be excluded.

4. Results
4.1. Ceiling Effect in Likert Scale Rating

As noted earlier, we sought to confirm that Likert-type questions produce a ceiling effect
when measuring cockroach aversion. Figure 4 reveals a pronounced ceiling effect: the majority
of participants reported very high aversion, with most responses concentrated at values 6 and
7. While the cutoff for a ceiling effect is typically 15%, in our case 23% of the total sample
selected the highest rating (7), and 45% selected 6 or 7. Among men, 14.5% selected 7, and
32.5% selected 6 or 7. Among women, 33% selected 7, and 57% selected 6 or 7.

(a) All respondents (b) Men respondents (c) Women respondents

Figure 4. Histograms of Likert scale self ratings of cockroach aversion in response to the question:
On a scale of 1 to 7, how would you rate the level of aversion (disgust or fear) you feel toward
cockroaches? Where 1 = No aversion at all and 7 = Extreme aversion.
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4.2. Ceiling Effect Mitigation with Open-Ended MST

Figure 5 presents the distribution of scores assigned by the LLMs to all survey respon-
dents. As illustrated, the distributions of scores resembled a normal distribution with a
slight right skew. Scores were generally concentrated at the upper-middle range of the
scale (roughly between 15–17 for the whole sample, 15–16 for men and 16–18 for women).
Importantly, the distributions show no evidence of a ceiling effect, as few respondents were
classified at the extreme top values of the scale.

(a) All respondents

(b) Men respondents

(c) Women respondents

Figure 5. Histograms of scores of cockroach aversion levels calculated with the formula in Section 3.4.3
based on LLM classifications of responses to open-ended questions.

4.3. LLM Performance

The performance of the LLMs as judges was tested on the 108 samples that were
classified by human experts. In addition to the outcomes from the alternative test (Figure 3),
we also report agreement measures for these classifications. Specifically, we computed Co-
hen’s kappa between each LLM and the majority vote derived from the expert annotations,
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and calculated the overall multi-rater reliability using Fleiss’s kappa across all annotators,
including the LLMs (Table 2).

Table 2. Agreement between LLMs and human judges. Cohen’s kappa is computed between each
LLM and the majority vote of the human judges. Fleiss’ kappa includes all three human annotators
and the LLM.

LLM Cohen’s Kappa vs. Majority Vote Fleiss’ Kappa (All Annotators)

GPT-4.1 0.750 0.782
GPT-5 0.719 0.780

Overall, the two LLMs, GPT-4.1 and GPT-5, classified 3060 responses to the questions
in the survey, of which only 118 (3.8%) were classified as Irrelevant or Not Sure by at least
one LLM. The counts of these responses appear in Table 3. Upon manual inspection, we
identified 4 cases where GPT-4.1 should have assigned a label (A, B, or C) and 7 cases where
GPT-5 should have assigned a label (i.e., the Irrelevant or Not Sure labels were not justified).

Table 3. Counts of responses classified as Irrelevant or Not Sure by each LLM and jointly by
both models.

LLM Irrelevant Not Sure

GPT-4.1 20 33
GPT-5 13 63
Both GPT-4.1 & GPT-5 12 16

Cost-Effectiveness Analysis

Beyond reliability and scalability, the MST-LLM framework demonstrated substan-
tial cost efficiency. The total API cost for processing and classifying the entire dataset of
responses in this study, using both GPT-4.1 and GPT-5, was $69.78 (USD); see Figure 6.
Therefore, running an analysis with only one chosen model will cost around $40. To contex-
tualize this figure, we estimated the cost of equivalent human labor. Assuming a trained
research assistant could code open-ended responses at a sustained rate of 60 responses
per hour (1 min per response) at a standard hourly rate of $25, manually coding the same
dataset would require approximately 50+ hours of labor, totaling over $1250. Thus, the
LLM-driven approach reduced costs by a factor of approximately 18, while also eliminating
the logistical overhead of hiring, training, and managing human raters. For larger datasets
(e.g., N = 15,000), this disparity would likely widen, making the difference between a few
hundred dollars in API credits versus tens of thousands of dollars in human labor.

Figure 6. Costs of API usage for analyzing the survey responses.

4.4. Prompting Methodologies

To assess the sensitivity of our results to the specific formulation of the classification
prompt, we conducted additional experiments using two alternative prompting strategies:
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(i) a one-shot prompting approach that includes a single illustrative example, and (ii) a
rephrased version of the original prompt that preserves its semantic intent while modifying
surface-level wording (using GPT 5 as a rephraser). These experiments are intended to
evaluate the robustness of the scoring distribution to minor prompt variations.

Figure 7a,b present the resulting score distributions for GPT 5 under the one-shot and
rephrased prompting conditions, respectively. The rephrased prompt yields a distribution
that is highly consistent with that obtained using the original prompt formulation, both
in terms of central tendency and overall shape. This indicates that the model’s scoring
behavior is largely invariant to modest linguistic rewording, suggesting that the underlying
classification rubric defines a stable decision boundary.

By contrast, the one-shot prompting condition produces a noticeably less smooth
score distribution, with greater variance across score bins. Although the overall score
range remains comparable, the increased variability suggests that relying on a single
example provides insufficient contextual grounding for the model to consistently apply the
classification criteria at scale.

At the same time, the one-shot condition results in a substantially lower number
of uncertainty-related responses. Specifically, the number of “not sure” classifications
decreases from 87 under the rephrased prompt to 39 under one-shot prompting, while
“irrelevant” responses decrease from 9 to 6. This highlights a trade-off between decisiveness
and distributional stability: one-shot prompting encourages more decisive classifications,
but at the cost of increased noise in the aggregate score distribution.

Overall, these results demonstrate that the proposed scoring methodology is robust to
moderate prompt rephrasing, while also underscoring the importance of prompt structure
and contextual richness in producing stable score distributions. For this reason, we adopt
the original prompting strategy in our main experiments, as it offers the best balance
between robustness and consistency.

(a) (b)

Figure 7. Histograms of scores for all respondents of cockroach aversion levels calculated with the
formula in Section 3.4.3 based on LLM classifications of responses to open-ended questions. (a) LLM
scores generated by GPT 5 with one shot prompting. (b) LLM scores generated by GPT 5 with
rephrased prompt.

5. Discussion
In this study, we addressed a persistent challenge in psychological measurement:

the ceiling effect, which can occur when traditional self-report numeric scales are used
to quantify extreme emotions and affective attitudes [48,49]. This measurement artifact
may obscure the real variation within a population, leading to inaccurate conclusions
and hindering scientific progress [12–15]. To overcome this limitation, we introduced a
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novel framework that combines a multistage testing design with open-ended questions
and leverages the analytical capabilities of LLMs for scalable, automated response analysis.
Since this framework depends on interpreting free-text responses, its feasibility for medium-
and large-scale studies requires the use of automated text evaluators, such as LLM-as-a-
judge models.

Our case study on cockroach aversion allowed us to test the ability of our new frame-
work to mitigate a clear and extreme ceiling effect, one that until now, no study had been
able to suppress. While the conventional Likert-type question produced a highly skewed
distribution with many respondents selecting the highest possible rating, the MST-LLM
framework revealed a distribution of the data that was likely obscured by the strong ceil-
ing effect in the Likert-type question (as seen in Figure 4). This result demonstrates that
the proposed method can reveal meaningful variability that fixed-choice items mask. In
doing so, it supports our central hypothesis that replacing fixed-choice items with carefully
designed open-ended questions enables a more realistic and fine-grained representation of
the nuances of extreme psychological constructs.

The validation process further confirmed the viability of this approach. Using the
alt-test, we demonstrated that LLMs can serve as reliable and consistent substitutes for
human judges when classifying open-ended survey responses. This was also supported
by traditional agreement measures such as Cohen’s and Fleiss’ kappas, which showed
substantial agreement with expert judgments (Table 2). The strong agreement between
LLM-generated classifications and expert annotations provides empirical support for using
LLMs as evaluators in this context.

Moreover, across a dataset of more than three thousand automatically classified re-
sponses, only a small number were labeled as Irrelevant or Not Sure by at least one model.
Manual review of these flagged responses, in which the model was not sure in its classifica-
tion, showed that almost all of them reflected true misclassifications, suggesting that the
models generally interpreted respondents’ intentions and levels of aversion with minimal
uncertainty. Taken together, these results suggest that the selected LLMs were capable of
maintaining both precision and restraint, avoiding overinterpretation while still capturing
meaningful distinctions in free-text responses.

It is important to note, however, that the success of this framework likely depends
not only on the capabilities of the LLMs themselves but also on the thoughtful design and
refinement of both the survey questions and the classification prompts. In our study, these
components were iteratively developed through multiple rounds of small-scale testing.
Questions that elicit sub-optimal responses and prompts that allow overly permissive
interpretation could undermine classification reliability. This highlights that the application
of AI in this context is not merely a plug-and-play solution but requires a dedicated
development phase where prompt instructions are systematically engineered and validated
to ensure they function as precise measurement tools.

6. Conclusions
This study introduces the MST–LLM framework, a novel methodological approach

that integrates discriminative questioning with scalable AI-driven evaluation. By mov-
ing beyond traditional fixed-choice items, we demonstrated that carefully engineered
LLM pipelines can effectively mitigate the ceiling effect, revealing meaningful variability
in the measurement of extreme psychological constructs, which until now would have
been obscured.

Our findings confirm that when guided by systematic prompt constraints, LLMs
can serve as reliable, scalable evaluators that align closely with expert human judgment.
This offers a robust solution to the limitations of manual qualitative analysis, enabling
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researchers to process large-scale datasets with the nuance of open-ended inquiry and the
speed and accuracy of quantitative methods.

The implications of this work extend beyond the specific case of cockroach aversion.
We provide a generalizable AI application for researchers in psychology, mental health, and
political science—fields where extreme responding sometimes compromises data quality.
By validating this framework, we offer a pathway to improved measurement precision,
demonstrating how applied AI can resolve long-standing statistical bottlenecks in social
science research. Future work should focus on expanding this framework to other affective
domains while further refining the evaluation protocols to maximize generalizability across
different LLM architectures.
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Appendix A. Open-Ended Questions—Full Version
Appendix A.1. Module 1

1. You’ve just finished making yourself dinner. You place the plate on the table, but
before sitting down, you go to the bathroom. When you return, you see a cockroach
standing on your food. As you approach, it scurries off and upon reaching the edge of
the table, it spreads its wings and flies out the window. What do you do with your
dinner, and why do you do that?

2. In some countries, fried cockroaches are regarded as a delicacy. Imagine a friend
returning from one of these countries with a bag of fried cockroach snacks and offering
you a taste. Would you try one? Under what conditions might you be willing to give
it a try?

3. Your friend has gone on vacation and asked you to feed their pet hissing cockroaches.
When you arrive at their house, you notice that, despite the winter cold making the
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cockroaches lethargic, one has managed to escape and is sitting motionless near the
terrarium. What would you do with the escaped cockroach, and what factors would
influence your choice?

4. While visiting a natural history museum with your child, you come across an exhibit
featuring live insects. In one display, an open terrarium allows visitors to pick up and
hold cockroaches. Your child wants to try holding one but asks you to go first. How
would you feel about it? What could affect your decision?

5. Imagine you’re sitting in a fancy restaurant, waiting for your dinner to arrive, when
you notice a cockroach scurrying across the floor before disappearing under a counter.
Would you take any immediate or delayed action in response? What thoughts or
emotions do you think you would think or feel?

6. It’s late in the evening, and as you walk into the kitchen, you notice two long antennae
peeking out from behind a jar. Suspecting it might be a cockroach, do you take any
action? Why do you think you would behave that way?

Appendix A.2. Module 2

1. You’re seated in a movie theater, waiting for the movie to begin, when you spot
two cockroaches scurrying on the floor nearby. Moments later, the lights dim and the
movie begins. Do you take any action in response? If so, what do you do and what
motivates your choice of action?

2. You’ve just returned home in the evening. As you step into the living room and turn
on the light, you spot a cockroach scurrying across the floor before it disappears under
the couch. What do you do? Why would you choose that course of action?

3. While driving through town, you stop at a red light and glance to your left, noticing a
bunch of cockroaches crawling out of a storm drain. Does this sight evoke any feelings
in you? If so, what emotions do you think you might experience?

4. While hiking through the woods, you pause to rest on a tree stump, taking in the
natural surroundings. As you look around, you notice a cockroach crawling on a
nearby log. How does this sight make you feel, and how do you think you would
respond after noticing it?

5. Imagine you’re alone in your living room, watching a movie on your television, when
you suddenly notice a dead cockroach lying on its back in the corner of the room.
Would you take any action? If so, would you address it immediately or wait until later,
and what would influence the timing of your response?

6. Suppose you are visiting a large museum, and one of the exhibits focuses on the
natural world, featuring a collection of various preserved cockroach species displayed
safely behind glass. Would you choose to explore this exhibit? If not, why would you
avoid it? If you do decide to go in, what would be your motivation to enter?

Appendix A.3. Module 3

1. Imagine you’re at a party, and someone begins sharing their passion for insect photog-
raphy, showing photographs of cockroaches they’ve captured on their phone. How
would you respond to this? Why do you think you would act this way?

2. Imagine you are browsing your TV alone, looking for something to watch, and come
across a highly rated documentary about the life of cockroaches, highlighting their
complex social interactions and sophisticated communication skills. How would you
feel about watching this documentary? What factors might influence your decision?

3. While you are at work, your partner calls to tell you they just spotted a cockroach in
the kitchen. They managed to catch it and throw it out the window. What would be
your reaction to this news? What would you say or ask?
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4. Imagine scrolling through your social media feed and coming across a post from a
friend describing how they discovered a small family of cockroaches living in the
cabinet under their kitchen sink‚ and got rid of them. If you were to respond to
their post, what would you write in your response to the post? Why would that be
your response?

5. Suppose you are at a friend’s house, and their child asks you to play with them using
a collection of realistic plastic toy cockroaches. How would you handle the situation,
and what feelings might it evoke in you?

6. Imagine coming across a children’s book featuring friendly, cartoonish cockroach
characters designed to teach kids about nature. Would you consider reading this book
to your child? Why or why not?

Appendix B. Prompt for LLM Classification
Task Overview
You will analyze a response to a survey question and classify it into one

of five categories: A, B, C, Irrelevant, or Not Sure. You will be given
the question, the response, and my specific instructions on how to
analyze and label the answer to the question.

↪→

↪→

↪→

A, B, or C – Based on compatibility with provided category descriptions.
Irrelevant – If the response does not address the question.
Not Sure – If the response is too ambiguous or does not clearly fit any

category.↪→

You will receive specific classification guidelines for each question. If a
response falls between two categories, apply the provided rules to
determine the best fit.

↪→

↪→

Classification Guidelines
Literal First: Prioritize a literal reading unless clear figurative or

emotional intent is present.↪→

Tone Sensitivity: If the response contains emotional cues (e.g.,
enthusiasm, reluctance, disgust), prioritize tone over strict literal
meaning.

↪→

↪→

Colloquial Interpretation: Assume informal, conversational language.
Contradictory Responses: If the response expresses both agreement and

refusal (e.g., "I wouldn’t eat it, but maybe I’d try a bite"), classify
as Not Sure.

↪→

↪→

Example Explanation: "Conflicting intent makes classification unclear."
Figurative Language: Classify based on the intended meaning, not literal

words.↪→

Not Sure Responses: Use this category if the response is too vague,
ambiguous, or doesn’t fit the defined classifications.↪→

Special Language Handling:
"Most likely" / "Probably" → Definitive Yes
"Most likely not" / "Probably not" → Definitive No

Expected Output Format (JSON)

{
"classification": "A/B/C/Irrelevant/Not Sure",
"explanation": "Concise reason for classification"
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}

The question and the example
Question: ...
Answer type A: ...
Answer type B: ...
Answer type C: ...

Classification Task:
Please classify the following response according to the provided guidelines

and output it in JSON format.↪→

Response to classify:
Answer: ...

Prompt for responses from Module 1

The Questions and Examples
Question 1:
You've just finished making yourself dinner. You place the plate on the

table, but before sitting down, you go to the bathroom. When you
return, you see a cockroach standing on your food. As you approach, it
scurries off and upon reaching the edge of the table, it spreads its
wings and flies out the window. What do you do with your dinner, and
why do you do that?

↪→

↪→

↪→

↪→

↪→

Type A: I eat it the way it is, without expressing any disgust at all.
Type B: I eat only the part that did not contact the cockroach. Or, I eat

the food but I express some discomfort.↪→

Type C: I throw out all the food without eating any of it.

Question 2:
In some countries, fried cockroaches are regarded as a delicacy. Imagine a

friend returning from one of these countries with a bag of fried
cockroach snacks and offering you a taste. Would you try one? Under
what conditions might you be willing to give it a try?

↪→

↪→

↪→

Type A: I will definitely try it. I express enthusiasm toward tasting it.
Type B: Maybe. I cannot say for sure if I will try it or not. Or, I would

try it under certain conditions.↪→

Type C: There is a low or no chance that I will try it.

Question 3:
Your friend has gone on vacation and asked you to feed their pet hissing

cockroaches. When you arrive at their house, you notice that, despite
the winter cold making the cockroaches lethargic, one has managed to
escape and is sitting motionless near the terrarium. What would you do
with the escaped cockroach, and what factors would influence your
choice?

↪→

↪→

↪→

↪→

↪→
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Type A: Eventually I pick it up and put it back into the terrarium. I do
not say that I would use an object that is not my bare hand to help me
pick it up. I express concern about the wellbeing of the escaped
cockroach or the other cockroaches in the terrarium.

↪→

↪→

↪→

Type B: Eventually I pick it up and put it back into the terrarium. I do
not say that I would use an object that is not my bare hand to help me
pick it up. I do not express concern about the wellbeing of the escaped
cockroach or the other cockroaches in the terrarium.

↪→

↪→

↪→

Type C: Eventually I pick it up and put it back into the terrarium, but I
use an object that is not my bare hand to help me pick it up. Or, I do
not pick it up by myself.

↪→

↪→

Question 4:
While visiting a natural history museum with your child, you come across an

exhibit featuring live insects. In one display, an open terrarium
allows visitors to pick up and hold cockroaches. Your child wants to
try holding one but asks you to go first. How would you feel about it?
What could affect your decision?

↪→

↪→

↪→

↪→

Type A: I would gladly and happily hold the cockroach. I express enthusiasm
toward holding a cockroach.↪→

Type B: I would do it, but I do not express enthusiasm about holding it.
Type C: I am not sure if I would do it. Or, there is a low or no chance

that I will do it.↪→

Question 5:
Imagine you're sitting in a fancy restaurant, waiting for your dinner to

arrive, when you notice a cockroach scurrying across the floor before
disappearing under a counter. Would you take any immediate or delayed
action in response? What thoughts or emotions do you think you would
think or feel?

↪→

↪→

↪→

↪→

Type A: Eventually, I eat that dinner in the restaurant, or I do not
mention that I won't. I also do not mention any effect on my future
inclination to dine in that restaurant again. I do not say that I would
feel uncomfortable eating there.

↪→

↪→

↪→

Type B: Eventually, I eat that dinner in the restaurant, or I do not
mention that I won't, but I do mention that I will not dine in that
restaurant again or that I will not recommend it to others. I might
express moderate discomfort or concern about hygiene.

↪→

↪→

↪→

Type C: Eventually, I leave the restaurant without eating that dinner. If I
don’t say that I would leave, I express significant discomfort,
aversion or concern about the hygienic conditions in that restaurant.

↪→

↪→

Question 6:
It's late in the evening, and as you walk into the kitchen, you notice two

long antennae peeking out from behind a jar. Suspecting it might be a
cockroach, do you take any action? Why do you think you would behave
that way?

↪→

↪→

↪→

Type A: I let it be. Or, I do not make any special efforts to catch it.
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Type B: I focus only on dealing with that individual cockroach myself, and
I do not express any concern about the possibility of having other
cockroaches in my home. I do not take additional prophylactic measures
against a potential infestation.

↪→

↪→

↪→

Type C: I am concerned about the possibility of having more cockroaches in
the house, and I take measures to rule out or treat a potential
infestation.

↪→

↪→

Prompt for responses from Module 2

The Questions and Examples
Question 1:
You're seated in a movie theater, waiting for the movie to begin, when you

spot two cockroaches scurrying on the floor nearby. Moments later, the
lights dim and the movie begins. Do you take any action in response? If
so, what do you do and what motivates your choice of action?

↪→

↪→

↪→

Type A: My answer indicates that eventually I will remain seated in the
same seat throughout the movie. I do not express significant
discomfort.

↪→

↪→

Type B: My answer indicates that eventually I will remain seated in the
same seat throughout the movie, but I do express significant discomfort
or efforts to avoid contact with the cockroaches.

↪→

↪→

Type C: Any answer that indicates a high level of aversion toward
cockroaches, and does not fit the above descriptions of Type A or Type
B.

↪→

↪→

Question 2:
You've just returned home in the evening. As you step into the living room

and turn on the light, you spot a cockroach scurrying across the floor
before it disappears under the couch. What do you do? Why would you
choose that course of action?

↪→

↪→

↪→

Type A: I try to catch or kill that individual cockroach. I do not take
further action, and I do not express concerns about a possible
infestation.

↪→

↪→

Type B: On top of trying to catch or kill that individual cockroach, I am
concerned about the possibility of having more cockroaches in the
house.

↪→

↪→

Type C: Any answer that indicates a high level of aversion toward
cockroaches, and does not fit the above descriptions of Type A or Type
B.

↪→

↪→

Question 3:
While driving through town, you stop at a red light and glance to your

left, noticing a bunch of cockroaches crawling out of a storm drain.
Does this sight evoke any feelings in you? If so, what emotions do you
think you might experience?

↪→

↪→

↪→

Type A: I look at them with some interest or curiosity, or with no negative
emotions at all.↪→

Type B: I feel slightly uneased.
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Type C: Any answer that indicates a high level of aversion toward
cockroaches, and does not fit the above descriptions of Type A or Type
B.

↪→

↪→

Question 4:
While hiking through the woods, you pause to rest on a tree stump, taking

in the natural surroundings. As you look around, you notice a cockroach
crawling on a nearby log. How does this sight make you feel, and how do
you think you would respond after noticing it?

↪→

↪→

↪→

Type A: I express positive feelings of interest in the cockroach.
Type B: It doesn’t bother me much. I do not move farther away from the

cockroach.↪→

Type C: My answer indicates a medium or high level of aversion toward
cockroaches or insects, and it does not fit the above descriptions of
Type A or Type B.

↪→

↪→

Question 5:
Imagine you're alone in your living room, watching a movie on your

television, when you suddenly notice a dead cockroach lying on its back
in the corner of the room. Would you take any action? If so, would you
address it immediately or wait until later, and what would influence
the timing of your response?

↪→

↪→

↪→

↪→

Type A: The dead cockroach does not bother me enough for me to pause or
stop the movie in order to take care of it promptly. Therefore, I will
take care of the dead cockroach after I finish watching.

↪→

↪→

Type B: My answer indicates that I would pause or stop the movie in order
to take care of it promptly. Or, I do not specify the timing of my
action. I do not express concern about the possible presence of
additional cockroaches in the house.

↪→

↪→

↪→

Type C: Any answer that indicates a high level of aversion toward
cockroaches, and does not fit the above descriptions of Type A or Type
B.

↪→

↪→

Question 6:
Suppose you are visiting a large museum, and one of the exhibits focuses on

the natural world, featuring a collection of various preserved
cockroach species displayed safely behind glass. Would you choose to
explore this exhibit? If not, why would you avoid it? If you do decide
to go in, what would be your motivation to enter?

↪→

↪→

↪→

↪→

Type A: I would definitely enter the exhibit. I express enthusiastic
interest specifically about cockroaches or a great passion toward
insects, animals or nature.

↪→

↪→

Type B: I would enter the exhibit. I express moderate interest in
cockroaches or a general interest in insects, animals or nature.↪→

Type C: Any answer that indicates some level of aversion toward cockroaches
or insects, and does not fit the above descriptions of Type A or Type
B.

↪→

↪→

Prompt for responses from Module 3
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The Questions and Examples

Question 1:
Imagine you're at a party, and someone begins sharing their passion for

insect photography, showing photographs of cockroaches they've captured
on their phone. How would you respond to this? Why do you think you
would act this way?

↪→

↪→

↪→

Type C: I will absolutely not look at any of the pictures, no matter what.
I express a clear objection to being exposed to these pictures. I
prefer to disengage altogether, since I view that person as weird or
creepy.

↪→

↪→

↪→

Type B: I try to avoid looking at the pictures. I may look at a few and
then change the subject or find an excuse to avoid the uncomfortable
situation.

↪→

↪→

Type A: Any answer that indicates a medium to low level of aversion toward
cockroaches, and does not fit the above descriptions of Type C or Type
B.

↪→

↪→

Question 2:
Imagine you are browsing your TV alone, looking for something to watch, and

come across a highly rated documentary about the life of cockroaches,
highlighting their complex social interactions and sophisticated
communication skills. How would you feel about watching this
documentary? What factors might influence your decision?

↪→

↪→

↪→

↪→

Type C: I will absolutely not watch it, nor will I give it a chance. I
express a very clear objection to watching something like this. In
addition, my answer must include explicit repulsion and disgust toward
such a television show, including the mentioning of nausea or fear. I
also specifically say that I do not think it is appropriate to
broadcast such programs at all.

↪→

↪→

↪→

↪→

↪→

Type B: Even though I am not 100% sure, I think that there is a very low
chance that I will watch it.↪→

Type A: Any answer that indicates a mild or low level of aversion toward
cockroaches, and does not fit the above descriptions of Type C or Type
B.

↪→

↪→

Question 3:
While you’re at work, your partner calls to tell you they just spotted a

cockroach in the kitchen. They managed to catch it and throw it out the
window. What would be your reaction to this news? What would you say or
ask?

↪→

↪→

↪→

Type C: I think it is absolutely terrible and I express explicit, extreme
repulsion and distress. I also demand significant pest control actions
in our entire home. My answer indicates that I will absolutely not
tolerate even the slightest possibility that there might be more
cockroaches in the house, and that I would consider such an incident as
an unbearable crisis. I make it clear that I will not come down until
the entire home is thoroughly treated against cockroaches.

↪→

↪→

↪→

↪→

↪→

↪→
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Type B: In my response, I express intense aversion toward the cockroach or
toward other cockroaches that might be in the house. I also express
significant concern about the possibility of having additional
cockroaches in the house. However, my response is less extreme than
what should be considered as a type C response.

↪→

↪→

↪→

↪→

Type A: Any answer that indicates a moderate or low level of aversion
toward cockroaches, and does not fit the above descriptions of Type C
or Type B.

↪→

↪→

Question 4:
Imagine scrolling through your social media feed and coming across a post

from a friend describing how they discovered a small family of
cockroaches living in the cabinet under their kitchen sink—and got rid
of them. If you were to respond to their post, what would you write in
your response to the post? Why would that be your response?

↪→

↪→

↪→

↪→

Type C: My post expresses extreme, visceral emotions of aversion or extreme
fear. In addition, from the way I phrased my response it is clear that
I perceive my friend's situation as a huge, horrific and unbearable
crisis.

↪→

↪→

↪→

Type B: My post expresses significant emotions of aversion or significant
relief that the infestation was dealt with.↪→

Type A: Any answer that indicates a medium or low level of aversion toward
cockroaches, and does not fit the above descriptions of Type C or Type
B.

↪→

↪→

Question 5:
Suppose you are at a friend's house, and their child asks you to play with

them using a collection of realistic plastic toy cockroaches. How would
you handle the situation, and what feelings might it evoke in you?

↪→

↪→

Type C: I will absolutely not play with the plastic cockroaches, no matter
what. My answer must include expressions of deep aversion and disdain.↪→

Type B: There is a high chance that I would play with the plastic
cockroaches, but I clearly indicate that I would feel some discomfort.↪→

Type A: Any answer that indicates a low level of aversion toward
cockroaches, and does not fit the above descriptions of Type C or Type
B.

↪→

↪→

Question 6:
Imagine coming across a children's book featuring friendly, cartoonish

cockroach characters designed to teach kids about nature. Would you
consider reading this book to your child? Why or why not?

↪→

↪→

Type C: I will absolutely not read that book to my child. My answer must
include extreme expressions of deep aversion and disgust. I also say
that I think it is inappropriate to read such books to children.

↪→

↪→

Type B: Maybe. I cannot say for sure if I will read it or not. Or, I would
read it despite feeling mild discomfort.↪→

Type A: Any answer that indicates a mild or low level of aversion toward
cockroaches, and does not fit the above descriptions of Type C or Type
B.

↪→

↪→
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Appendix C. Bot and AI Detection Prompt
Prompt for per_answer_checks:

"""You are a careful, literal grader. Judge ONLY the given text.
If uncertain, set booleans to false.

PERSONALITY-CONDITIONAL FRAMING (strict):
Count as TRUE only if the answer uses a hypothetical self-identity framing

like:↪→

- "If I were an anxious person, I'd do...; if I were a person that..., I'd
do ..."↪→

- "If I had low aversion I'd react differently than if I were timid."
Do NOT count generic conditionals unrelated to self-trait (e.g., "If it

were big I'd run").↪→

LONG & PERFECT ENGLISH:
TRUE only if the answer has >= 70 words and is near error-free.

ENGLISH LEVEL:
CEFR A1–C2 based ONLY on this answer.

AVERSION LEVEL (1–3):
Rate the expressed level of aversion in this answer alone:
1=Low, 2=Moderate, 3=High. If no aversion is expressed, use 1 (low) rather

than 0.↪→

Return ONLY JSON with this exact shape:
{

"internal_inconsistency": true/false,
"personality_conditional": true/false,
"long_perfect_english_70w": true/false,
"english_level": "A1"|"A2"|"B1"|"B2"|"C1"|"C2",
"aversion_level_1to3": 1|2|3,
"notes": "<=30 words"

}

EXAMPLES (do not reference in output; follow the pattern):
Q: "If I were an anxious person I'd scream, but if I were calm I'd just

step away."↪→

→ personality_conditional=true
Q: "If it's in my kitchen I run; if it's outside I ignore it."
→ personality_conditional=false (contextual, not trait-based)
"""

Prompt for per_participant_group_checks:

You will compare multiple answers from the SAME participant.
Judge ONLY the provided texts.
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CONTEXT NORMALIZATION (very important):
Do NOT treat context-driven differences as inconsistency or high variance

when the rationale is coherent.↪→

Examples that should NOT count as contradiction or high variance:
- "In nature/outdoors it's okay, but at home/indoors I panic."
- "From far away I'm fine, close contact makes me very uncomfortable."
- "If I have control/tools I'm calmer; surprise at home is worse."

AVERSION VARIANCE:
Rate variance LOW if differences align with context normalization above.
Use MEDIUM if there is some variation beyond context but still broadly

coherent.↪→

Use HIGH only for implausible swings (e.g., 'I love cockroaches' vs 'I am
terrified of any roach anywhere').↪→

CROSS-ANSWER INCONSISTENCY:
Flag TRUE only for genuine contradictions in stance or self-claims that

cannot be explained by context.↪→

ENGLISH LEVEL OVERALL & VARIANCE:
Overall CEFR estimate; variance reflects plausibility of fluctuations.

Output ONLY JSON in this exact shape:
{

"cross_answer_inconsistency": true/false,
"english_level_overall": "A1"|"A2"|"B1"|"B2"|"C1"|"C2",
"english_level_variance": "Low"|"Medium"|"High",
"aversion_level_overall_1to3": 1|2|3,
"fversion_variance": "Low"|"Medium"|"High",
"evidence_inconsistency": ["...", "..."]

}

FEW-SHOT EXAMPLES (do not mention; just follow):
Participant answers:
A1: "If I saw a roach outside in the park, I'd do nothing."
A2: "If a roach is in my kitchen I feel intense panic."
A3: "Outdoors is fine; indoors I can't tolerate it."
→ cross_answer_inconsistency=false
→ aversion_level_overall_1to3=3 (if overall tone is strong aversion at

home)↪→

→ aversion_variance=Low (context explains differences)
→ evidence_inconsistency=[]

Appendix D. LLM Classifications
The visualization in Figure A1 (taken from our early stages of development where we

performed preliminary experiments using different models) demonstrates what should
guide the adjustment of the wording of both survey questions and classification instructions.
For example, in module 3, question 5, we received a score distribution which resembles
what we expected to get in the 5th and 6th questions of a module (questions intended to
invoke a high level of aversion; see Table 1). However, in question 6 in the same module,
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category c is over-represented. This means that the instructions or question wording should
be corrected, so that less responses will be classified as c and more classified as b.

Figure A1. Visualization of the distribution of LLM classifications for questions 5 and 6 in module 3.
In blue GPT-4o, in orange GPT-4.1, and in green Gemini-2.
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