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Abstract

The Question Appraisal System (QAS-99) is a widely used protocol for the
systematic assessment of survey questions, requiring evaluators to make 27
binary coding decisions across eight appraisal steps. QAS coding is slow and
resource-intensive, creating the possibility that large language models (LLMs)
can replace or supplement human evaluators. We compared LLM evaluations
of 118 draft survey questions with those of a QDET expert and novice coders.
Agreement was further assessed using additional human evaluators and a
second LLM on a validation subset. We find that LLMs produced actionable
QAS evaluations at scale, with agreement levels broadly comparable to those
observed between novice and expert human evaluators. LLMs identified fewer
problems than novices, who in turn identified fewer problems than experts,
suggesting that expertise currently remains important for questionnaire
review. Agreement varied substantially across QAS decisions, indicating
that some question characteristics are inherently more difficult to evaluate
than others. Compared with the expert coder, the LLM was notably less
likely to identify certain data quality risks, particularly those related to
social desirability bias. Nevertheless, the findings suggest that LLMs can
support QAS-based survey appraisal at scale and large-scale research on
questionnaire design and survey measurement error.

∗Corresponding author: caroline.roberts@unil.ch
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1 Introduction
A substantial literature documents the consequences of poor question de-
sign for response quality and argues for a theoretically and empirically
informed approach to questionnaire design, evaluation and testing (QDET)
(Presser et al., 2004; Campanelli, 2008; Groves et al., 2009). Yet investment
in reducing measurement error consistently lags behind efforts to reduce
representation error (Fowler, 1995), held back by persistent disagreement
about which QDET methods are most effective (Presser and Blair, 1994;
Maitland and Presser, 2018; Willis, 2020), and by the time and cost of pre-
ferred approaches such as cognitive interviewing and split-ballot experiments.
Providing the survey research community with faster, more cost-efficient,
and reliable ways to evaluate draft questions would help lower these barriers
and contribute to a general push towards improving the accuracy of survey
measurement. Recent advances in large language models (LLMs) now offer
the technology to enable exactly such a development (Jansen et al., 2023;
Olivos and Liu, 2025; Adhikari et al., 2025). In this paper, we implement and
evaluate one concrete use case: the application of LLMs to the systematic
assessment of potential risks to measurement quality using the Question Ap-
praisal System-99 (QAS-99), a widely adopted rule-based QDET framework
(Willis and Lessler, 1999).

Rule-based QDET methods apply structured checklists of question char-
acteristics associated with poor measurement quality, derived from cognitive
models of the survey response process (Cannell et al., 1981; Tourangeau,
1984; Tourangeau and Rasinski, 1988) and accumulated design recommenda-
tions (Fowler, 1995; Saris and Gallhofer, 2007; Krosnick, 2011; Dillman et al.,
2014). The approach treats question quality as determined by objective,
identifiable features such as wording, the type of information requested, and
response format that can be evaluated without collecting respondent data
(Dykema et al., 2020; Willis, 2020). Multiple rule-based frameworks have
been developed on this basis (Forsyth et al., 2004; Graesser et al., 2000;
Felderer et al., 2024; d’Ardenne et al., 2025; Fitzgerald et al., 2011), of which
the QAS-99 is among the most widely used. Developed at the Research
Triangle Institute (Willis and Lessler, 1999; Forsyth and Hubbard, 1992;
Lessler and Forsyth, 1996), the instrument comprises 27 coding decisions
across eight evaluation steps, covering risks to measurement quality arising
from problems with reading and comprehension, instruction clarity, question
wording and terminology, assumptions about respondent knowledge and
behaviour, cognitive demands (recall, computation), sensitivity, response
category design, and other miscellaneous features. Designed as an ‘easy-
to-use’ tool for practitioners with varying levels of expertise (Willis and
Lessler, 1999, p. 1-1), the QAS-99 provides a transparent basis for identifying
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and documenting question problems at relatively low cost(Dean et al., 2007;
Schaad et al., 2020).

Evidence on the effectiveness of rule-based QDET methods is broadly
positive. Comparative studies find them effective at identifying problems
predictive of field difficulties and reduced data quality, including those
associated with complex wording, demanding recall tasks, sensitive content,
and poorly designed response categories (Forsyth et al., 2004; Olson, 2010;
Dykema et al., 2020). Rothgeb et al. (2007) found the QAS detected more
problems overall than either informal expert review or cognitive interviewing
when applied to the same questionnaires. Maitland and Presser (2016;
2018; 2020) found rule-based methods particularly effective at identifying
respondent task problems, though somewhat less effective than expert review
for problems affecting comprehension and of less predictive value for field
outcomes compared to expert review and cognitive interviews.

Reliability of QAS completion is a more persistent concern. Assessments
of intercoder agreement in rule-based applications are relatively rare (Bais
et al., 2019), and few studies have formally tested the reliability of the
QAS-99 itself. Schaad, Jans and Scott (2020) assessed inter-rater agreement
among three evaluators with varying levels of expertise using an extended
version of the QAS applied to ten questions. While agreement on whether
any problem was present was high, agreement on which specific problem
types were identified was substantially lower and senior evaluators identified
more problems than did the junior rater. Across the original QAS-99 steps,
agreement was reasonable (in the 0.7–0.9 range) but fell below chance-level
for Step 2 (Instructions) and Step 7 (Response Categories). Bais et al.
(2019) found similar patterns in a more extensive reliability assessment of a
related coding framework, with agreement particularly low for characteristics
considered subjective or difficult to operationalise clearly. These findings
echo a broader literature showing considerable disagreement among expert
questionnaire reviewers (Schaad et al., 2020; Presser and Blair, 1994; DeMaio
and Landreth, 2004; Conrad and Blair, 2004; Olson, 2010), though the
general consensus is that moderate reliability does not undermine the utility
of rule-based QDET methods in detecting and fixing problems.

Various explanations for this low reliability have been proposed, including
the cognitive burden of applying detailed coding schemes to large question
sets, inherent subjectivity in judging ambiguous characteristics, and variation
in evaluators’ critical thresholds, which typically tracks their level of QDET
expertise but may also reflect individual idiosyncrasy (Schaad et al., 2020;
Schouten et al., 2018; Bais et al., 2019; Olson, 2010). A further factor is the
lack of consensus about the relative severity of the risks to measurement
quality that different question characteristics present, because the 27 QAS
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coding decisions do not carry equal weight. Some steps target characteristics
with well-established empirical links to measurement error, such as vague
wording, demanding recall or computation tasks, sensitive content, double-
barreled questions, and flawed response categories (Dykema et al., 2020;
Bais et al., 2019; Maitland and Presser, 2020). Others flag features whose
impact is more context-dependent and harder to judge. This variation in
impact severity matters for evaluating intercoder reliability and for assessing
automated systems because a classifier that reliably identifies high-impact
risks is of greater practical utility than one with nominally higher overall
agreement that disproportionately fails on the problems that matter most.
In our analysis, we accordingly stratify comparisons of LLM and human
evaluations by the type of impact risk associated (theoretically) with each
QAS step.

Recent advances in LLMs have prompted growing interest in their applica-
tion to survey research tasks (Buskirk et al., 2025b; Rothschild et al., 2026).
Their ability to process and classify text features (Kostina et al., 2025),
apply domain knowledge to structured evaluation tasks (Zhang, 2025), and
produce detailed outputs at scale and speed makes them natural candidates
for automating rule-based QDET procedures. A recent systematic review
(Buskirk et al., 2025b) identified a rapidly expanding body of work applying
LLMs across the survey lifecycle, including a growing subset focused on
question evaluation and pretesting (Maiorino et al., 2023; Olivos and Liu,
2025; Buskirk et al., 2025b; Adhikari et al., 2025; Tao et al., 2024; Olson
and Buskirk, 2026; Sturgis et al., 2026; Fuchs et al., 2026). Most of this
work does not assess LLM performance using a formal rule-based coding
framework, though some conclusions are noteworthy.

Olson and Buskirk (2026) evaluated the ability of multiple LLMs — in-
cluding editions of ChatGPT and Claude Sonnet — to calculate readability
scores for 60 survey questions using five established readability measures,
finding considerable between-model and within-model variation over time,
and systematic calculation errors with implications for score accuracy.Olivos
and Liu (2025) compared feedback generated by GPT-4 on question com-
prehensibility with expert judgements from Lenzner (2012), focusing on
seven characteristics associated with comprehension difficulties, including
low-frequency words, vague or ambiguous terms, and complex syntax. GPT-
4 was effective at identifying problems and suggesting improvements, though
its suggestions did not always coincide with Lenzner’s, highlighting the
continued importance of ’researchers’ judgement calls’ (p. 12). Buskirk
et al. (2025a) examined how prompt phrasing affects the structural and
linguistic quality of survey items generated by ChatGPT 3.5, confirming
that providing LLM’s with more explicit instructions in prompts consistently
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produced better-structured, less ambiguous, and more readable question-
naire items — with quality assessed against Dillman et al. (2014) design
criteria and QUAID (Graesser et al., 2000). Tao et al. (2024) evaluated five
prompt variants for detecting flaws in 66 survey questions using Gemini 1.5
Pro, comparing model performance against expert ratings. Including best
practice recommendations and examples of both flawed and flawless ques-
tions improved performance, while aggregating across multiple replications
of LLM judgements improved precision and reduced over-identification of
problems.

The studies most directly comparable to the present work are those
that apply a structured coding framework to evaluate question quality.
Metheney and Yehle (2025) applied a truncated version of the QAS to 262
survey questions using GPT-3.5 and GPT-4. Comparing model output to a
single human expert, overall agreement was approximately 80%. The LLM
flagged problems the human did not in around 15% of cases, particularly
for unfair presumptions and undefined reference periods, while the human
identified problems the LLM missed in around 5% of cases. Timbrook
et al. (2026) explored the accuracy of ChatGPT 5 in applying ten research-
driven indicators of high-quality question construction to a sample of 100
questions, comparing evaluations generated by a prompt with problem
examples (few-shot learning) and a prompt without examples (zero-shot
learning) to human coding. To our knowledge, no published study has
evaluated LLM performance on the full QAS-99 against the complete range
of human QDET expertise, from novice to experienced evaluators.

We develop, implement and evaluate a pipeline for applying LLMs to the
QAS-99 at scale, and compare LLM evaluations with those of human QDET
experts and novice evaluators on a corpus of 118 draft survey questions.
Going beyond aggregate agreement rates, we also examine whether LLMs
identify certain types of data quality risk more reliably than others, stratify-
ing our comparisons in terms of the relative impact the problems identified at
each QAS step might have on measurement quality. We thereby contribute
both to the rapidly developing body of research on GenAI applications in
survey workflows, and to the longer-standing literature on the performance
and reliability of rule-based QDET tools. Specifically, our analysis addresses
the following questions:

• RQ1: Do LLMs agree with human experts and novices in their appli-
cation of the QAS-99 to evaluate draft survey questions?

• RQ2: Does disagreement between LLMs and human experts and
novices concentrate in particular QAS steps or decisions?

• RQ3: Can LLMs identify question problems that matter most for
data quality?
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2 Methods

2.1 Research design
To assess LLM performance of the QAS task, we use a range of evaluation
metrics, focusing on levels of agreement across the different QAS steps
between and within groups of LLM, expert and novice evaluators. As the
QAS-99 was designed to support question evaluation by survey practitioners
with less QDET experience to reduce reliance on expert review (Schaad et al.,
2020), we also compare its application by LLMs to both human experts and
novices in questionnaire design.

Our basic design prompted an LLM to undertake QAS-99 evaluations
of a corpus of 118 draft survey questions (written in English), for which
novice evaluations using the QAS were already available. The questions were
designed and evaluated by graduate Questionnaire Design students as part
of their MA coursework (a total of 76 coders, each reviewing up to two of
their own questions as part of a pre-testing assignment). The questions were
designed for use in a paper self-completion questionnaire, to collect a mix of
factual and nonfactual information covering a broad range of different topics.
A QDET expert completed evaluations of the same question set. A subset
of 25% of these (n=30) were evaluated by two other experts 1, a second
novice coder (a research assistant with no prior training in questionnaire
design and evaluation) and by a second LLM for validation purposes. For
simplicity, we refer to the original student novices (who evaluated their own
questions) collectively as Novice 1 throughout.

2.2 Pipeline and prompt design
The pipeline consisted of a Python script (programmed in Jupyter Notebooks
on Anaconda) including processes to relay the input database of draft
questions and their response categories (an .xlsx file or .csv), together with
the user prompt (stored in a text file) to the LLM via the API. For this
purpose, we used OpenAI’s GPT-4, accessed via the OpenAI API. The
decision to use GPT-4 was mainly pragmatic. At the time, it was one of the
most widely-used LLMs (accessed via ChatGPT), and had demonstrated
ability to match human abilities on a number of advanced benchmarks and
to outperform other LLM’s on a wide range of NLP tasks (OpenAI, 2023).

Once the QAS evaluation is complete, the data is output to an .xlsx
file, structured to match the human data, which were captured in an online

1Expert evaluations for this paper were completed by three of the authors: Caroline Roberts,
Alice McGee and Rebecca Hamlyn, who have each been involved in questionnaire design and
evaluation for over 20 years and have extensive experience of applying the QAS, or similar
question evaluation tools, as well as cognitive testing.
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questionnaire programmed in Qualtrics. The form was designed to match
the original QAS-99 pencil-and-paper version (adapted from Willis and
Lessler 1999), consisting of yes/no answers for each of the 27 QAS steps,
and text entry fields for recording details of problems identified). Some
minor modifications to wording were made to enhance usability. These also
concerned the formulation of the items at Step 1 (Reading), which was
originally designed for assessing questions to be used in interviewer-based
surveys, so were adapted to make them relevant to challenges respondents
might have reading questions themselves. Some of the original novice
evaluations used a paper-and-pencil version of the QAS-99 and were entered
manually in the Qualtrics version. Data from all three sets of coders were
combined in a single database for analysis.

The design of the initial system and user prompts used in the pipeline
were also based on the original QAS-99 form, using the same formulations
used at each step. In addition, some contextual information about the
QAS-99 and the cognitive steps involved in answering survey questions
was included, together with instructions for coding taken directly from the
Willis and Lessler (1999) manual (but without explicit examples of question
problems). The prompt also specified the format of the output data so it
could be merged directly with the human data. This requirement provided
a clear task specification - to provide a yes/ no response for each of the 27
decisions in the QAS, and for each ’Yes’ answer, to provide a short summary
of the problem identified.

The prompt was iteratively revised with the aim of improving the clarity
of the coding task (e.g., rewording the original QAS coding decisions in
the form of direct questions specifying more explicitly what to look for in
questions) and encouraging more critical evaluations. Again, no explicit
examples of question problems were provided and no other parameter (e.g.,
model temperature) was adjusted. Evaluations of the full 118 questions
presented here for GPT-4 were generated using this revised prompt (shown
in Appendix) in September 2025. Because of the speed with which LLM
performance and capabilities are advancing, and to provide a comparison
point with the main GPT-4 evaluations, the same prompt was used to
generate new evaluations of the 30 questions in the validation set in May
2026 using a second LLM, Anthropic’s Claude Sonnet 4.6 (accessed directly
via Claude Code and not via the API, but with the instruction to use the
same prompt and input file as in the pipeline).

2.3 Analytic approach
We focus on agreement rates between coder pairs (the percentage of questions
in the corpus for which the coding decision concurred (i.e., a problem was
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flagged or not flagged by both coders)) for 1) all 27 decisions; 2) each of
the eight steps; and 3) overall. Specifically, we compare LLM 1 (GPT-4),
Expert 1 and the Novices (Novice 1) for the full corpus of 118 questions.
We then compare these with agreement rates for the validation subset of 30
questions between a) LLM 1 and LLM 2 and the three experts (individually
and with the average of their ratings); b) the LLMs, novice 1 and novice 2
(individually and on average); and c) GPT-4 and Claude Sonnet 4.6. In the
same way, we also compare agreement between and within the experts and
the novices to contextualise the comparisons between LLMs and humans.
As a complement, we also calculate Gwet’s AC1 (Gwet, 2002, 2008) measure
of agreement (using the irrCAC package in R), which estimates and adjusts
for the probability that two raters would agree purely by chance using the
average proportion assigned to each category across both raters. This option
is preferred over more commonly used metrics such as Cohen’s kappa, which
are unstable when base rates are low (i.e., at QAS steps where problems are
rarely flagged) (Wongpakaran et al., 2013).

To assess the nature of disagreements between LLMs and human coders,
and the extent to which they vary across QAS steps (RQ2), we first consider
coder evaluations at the aggregate level, computing for all questions and
coders the total number of problems flagged across all 27 QAS steps, calcu-
lating means across all questions and the proportion of questions for which
problems were flagged. We then consider variation in flagging rates across
steps, considering the mean number of problems flagged as a proportion
of the possible number of problems (which varies by step) and the extent
to which coders agreed on the relative prevalence of problem types. We
also examine which coding decisions contribute most to the total number of
disagreements between coder types at each of the eight steps (comparing
LLMs vs Experts, LLMs vs. Novices, Experts vs. Novices and Experts vs.
Experts). This makes it possible to examine the extent to which reduced
reliability of the QAS-99 results from varying levels of QDET expertise
among coders or whether particular coding decisions may be inherently more
ambiguous (or less clearly operationalised) than others.

Finally, to address RQ3, we focus on the direction of disagreement
between coders, comparing GPT-4 and Novice 1 against Expert 1 for the
full question set. Based on the literature reviewed, evaluations between
experts were expected to differ, in part due to the subjective nature of
question evaluation and perceptions of problem severity (Willis and Lessler,
1999). It is not appropriate, therefore, to deem one set of evaluations
to be ground truth. Nevertheless, comparing novices and LLMs to expert
review is meaningful when considering ways to make questionnaire evaluation
procedures more cost-efficient. Thus, for all 27 QAS decisions, we compare
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LLM 1 and Novice 1 ’hit rates’ (the percentage of problems flagged by
Expert 1 that they also flagged) and unconfirmed flag rates (the percentage
of problems flagged by the coders that were not flagged by Expert 1 – akin
to false positives/discovery - were Expert 1’s ratings indeed considered to
be the gold standard).

Subjective perceptions of problem severity, as well as objective knowledge
of likely data quality impacts, play a role in coding decisions, however.
A coder may observe a potential problem but dismiss it on account of
perceived low importance. For this reason, our analysis takes account of
potential impact severity by classifying the QAS decisions into different
types of data quality risk and examining problem flagging rates by coder
type for each category. This classification (summarised in Table 1) was
informed by existing literature (e.g., Krosnick, 1991; Tourangeau et al.,
2020; Presser et al., 2004; Willis, 2005; Olson, 2010) as well as theoretical
assumptions about the mechanisms by which effects on data quality might
result. It distinguishes particular manifestations of survey error (missing
data, measurement bias and variance, and non-validity), which have different
implications for the accuracy of statistics and the analytic utility of the data.
Note, however, that the extent of the risk presented by different problem
types may vary by mode of questionnaire administration (d’Ardenne et al.,
2025); we do not consider this explicitly here.
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Table 1: QAS-99 problem types classified by type of data quality risk.
No. Step Problem type Mechanism
Risk of item-nonresponse
1 2a Conflicting instructions Increased burden; respondents may be unsure

which instructions to follow, misunderstand
the questions, or be unsure how to answer.

2 2b Complicated instruc-
tions

Increased burden; respondents may ignore the
instructions, not read them carefully, or apply
them incorrectly.

3 3a Complex wording/syn-
tax

Increased burden; respondents may not read
the question carefully or may misinterpret the
question.

4 4a Inappropriate assump-
tions

Respondents may not know how to answer, or
feel the question does not apply to them.

5 7a Open-ended question Increased burden; respondent must reflect on
and articulate response in own words.

Risk of measurement bias
6 5c Recall failure Increased burden on memory may result in re-

call failures, forward or backward telescoping.
7 5d Computation problem Increased burden; complex calculations may

result in ‘guess-timates’, rounding and heap-
ing.

8 6a Sensitive content Threat of disclosure; respondent may be un-
willing to share personal information.

9 6b Sensitive wording Even for non-sensitive topics, respondents may
feel pressure to present themselves in a more
favourable light.

10 6c Socially acceptable re-
sponse implied

Salient norms around what is socially desirable
may influence willingness to report answers
truthfully.

Risk of increased measurement variance (low reliability and validity)
11 1a What to read Respondents may overlook relevant informa-

tion or read only part of the item, leading to
inconsistent interpretations.

12 1b Missing information Respondents may rely on assumptions, result-
ing in inconsistent interpretations.

13 1c How to read Questions may be misread, resulting in incon-
sistent interpretations.

14 3b Undefined technical
terms

Respondents may be unfamiliar with the term,
or may interpret concepts differently.

15 3c Vague wording Respondents may interpret concepts differ-
ently, resulting in inconsistent interpretations.

16 3d Poor/missing reference
periods

Inconsistent temporal interpretations across
respondents may result in variation in how the
response is constructed.

17 4b Assumes stable be-
haviour

Respondents may find it difficult to provide a
single answer that accurately reflects experi-
ence, resulting in inconsistent interpretations.

18 7c Technical terms in re-
sponse categories

Respondents may struggle to map their an-
swer onto the available categories, resulting in
inconsistent responding.

19 7d Vague response cate-
gories

Respondents may interpret response category
labels differently or in multiple ways, resulting
in inconsistent or random response selection.

20 7e Overlapping response
categories

Respondents may struggle to distinguish avail-
able options or to know which to select, result-
ing in inconsistent responding.

21 7g Illogical order Illogical ordering may create confusion, result-
ing in errors in response selection.

Risk of low validity (reliability less affected)
22 4c Double-barreled ques-

tion
Impossible to know which construct respon-
dents answered.

23 5a Knowledge may not ex-
ist

Respondents are not able to provide an in-
formed response.

24 5b Attitude may not exist Respondents may report pseudo-opinions.
25 7b Mismatch between ques-

tion and response cate-
gories

Respondents may have difficulty mapping re-
sponses to available response options, and
switch interpretation of the measured con-
struct.

26 7f Missing response cate-
gories

Respondents may have difficulty reporting
their answer, affecting how well the intended
construct is measured.

Note: Steps refer to QAS-99 coding decisions: Step 1 Reading, Step 2 Instructions,
Step 3 Question Clarity, Step 4 Assumptions, Step 5 Knowledge & Memory, Step 6
Sensitivity, Step 7 Response Categories. Step 8 (Other) is excluded from analysis.
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3 Results

3.1 Agreement rates between LLMs, human ex-
perts and novices (RQ1)
We first assess the overall extent of agreement between LLM 1 (GPT-4),
Novice 1 and Expert 1 for the complete question set (n=118), across all 27
coding decisions combined, and aggregating across the eight QAS steps (first
three rows of Table 2 and top panel of Figure 1). Agreement rates for all
individual coding decisions are shown in Appendix Table 1. The average
percentage agreement was highest between the LLM and Novice 1 (74%
agreement) and lowest between the LLM and Expert 1 (63%) (see left side
of top panel of Figure 1). The rate for Expert 1 and Novice 1 was 64 percent.
Across the eight steps, the average percentage agreement between LLM 1
and Expert 1 were lowest at 52% for Step 3 (question clarity) and highest at
75% for Step 2 (instructions). Agreement between LLM1 and Novice 1 was
higher overall than with Expert 1, ranging from 60% for Step 3 to 82% for
Step 2. These compare with agreement rates between Expert 1 and Novice
1 of 59% at Step 3 and 69% at Step 2.

Agreement rates in the validation question set (n=30) broadly mirrored
those in the main set. Averaged across coders within groups, LLMs agreed
with Experts at 69% and with Novices at 71%, compared with 65% between
Experts and Novices. Step 3 (clarity) again showed the lowest agreement
across coder pairs, while inter-LLM agreement was highest overall (83%).
Within coder types, there was greater individual variation than in the main
set, particularly among the novices, though group-level patterns across steps
closely mirrored the main set findings (lower panel of Figure 1).

The average Gwet’s AC1 values across all coding decisions for all coder
pairs is shown in column 3 of Table 2 (see Appendix Table 2 for AC1 at each
coding step for all coder pairs). Gwet’s AC1 can be interpreted similarly to
Cohen’s kappa. The overall values are relatively low in the main question
set indicating only a ’fair’ level of agreement between LLM 1 and Expert 1
(AC1 = 0.361) and Novice 1 and Expert 1 (AC1 = 0.376). By contrast, the
level of agreement between LLM 1 and Novice 1 was more substantial (AC1
= 0.620). In the validation set, average agreement between the LLMs and
the Experts was low to moderate (AC1 = 0.469 for LLM 1 and 0.461 for
LLM 2) and between the LLMs and the Novices was substantial (AC1 =
0.538). By comparison, the lowest level of agreement between coder types
was found between the Novices and the Experts (AC1 = 0.394). Within
coder types, LLM 1 and LLM 2 had the highest level of agreement (AC1 =
0.733), while average agreement rates between the Experts and the Novices
were only moderate (AC1 = 0.509 and 0.470 respectively). Thus, while
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average percentage agreement at QAS steps may appear reasonable, low
AC1 values suggest that within QAS steps, specific coding decisions are
discordant between coders and coder types. In the following, we examine in
more detail patterns of flagging by coder type across QAS steps, and the
nature of disagreements between coders.
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Individual coder pairs − all questions (N=118)
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Instructions
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Clarity
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Knowledge
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Sensitivity
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Response cats.

Step 8
Other

Between−group comparisons − validation set (N=30)

LLMs − Experts LLMs − Novices Experts − Novices

Figure 1: Agreement between individual coder pairs (full corpus, n=118) N=118)
and within- and between-group comparisons (validation set, N=30).

3.2 Nature of disagreements across QAS coding
decisions (RQ2)
Overall agreement rates only indicate whether or not decisions concurred
(flag or no flag), but say little about the extent to which coder pairs agree
on the presence of problems for a given question and their nature. In the
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main question set, LLM 1 (GPT-4) flagged a mean of 3.5 problems across
all 27 QAS decisions, which was a little over half the number flagged by the
novices on average (6.3 problems). By contrast, Expert 1 flagged twice as
many problems (12.1) on average than the novices (see Figure 2). A similar
pattern was observed in the validation question set: the mean number of
problems flagged was lowest for the LLMs (M=5.2) and highest for the
experts (M=9.7), with novices (M=6.5) falling between the two. Within the
LLM group, Claude flagged 1.9 more problems on average (M=6.1) than
GPT-4 (M=4.3). Problem counts by question for the validation set are
shown in Appendix Table 3.

3.5

6.3

12.1

LLM 1

Novice 1

Expert 1

Full set (N = 118)

4.3

6.1

5.2

6.5

6.4

6.5

11.3

7.3

10.6

9.7

LLM mean

LLM 2

LLM 1

Novice mean

Novice 2

Novice 1

Expert mean

Expert 3

Expert 2

Expert 1

0 2 4 6 8 10 12 14

Mean number of problems identified

Rater type LLM Novice Expert

Validation set (N = 30)

Figure 2: Mean number of problems flagged by coder and coder type.

Because the number of coding decisions varies at each step (e.g., from
seven at Step 7 to just one at Step 8), raw step means are not directly
comparable. Expressing each step mean as a proportion of the number of
possible problems that could be flagged (shown in Table 3) confirms (in
the main set) that LLM 1 (GPT-4) is consistently the most conservative
overall, under-flagging problems relative to Expert 1 and Novice 1 across
almost every step, with the exception of Step 1 (Reading), where its flagging
rate (19%) slightly exceeds that of Novice 1 (12%), compared with 46% for
Expert 1. LLM 1 evaluations come closest to Novice 1 at Step 3 (Question
Clarity), with flagging rates of 31% and 42% respectively (compared with

14



69% for Expert 1). The model diverges most from human coders at Step 2
(Instructions), where it flagged almost no problems (a rate of 5%, compared
with 14% for Novice 1 and 29% for Expert 1); at Step 6 (Sensitivity), where
its flagging rate was 8% (compared with 28% for Novice 1 and 46% for
Expert 1); and at Step 7 (Response Categories), where its rate was 7%
(compared with 16% for Novice 1 and 37% for Expert 1).

In the validation question set, the relative pattern across steps was
broadly consistent with the main set findings. The main divergence occurred
at Step 5 (knowledge/recall), where LLMs flagged far fewer problems (LLM
1: 8%; LLM 2: 18%) compared with novices (18–30%) and experts (20–31%),
suggesting that recall and knowledge demands may be harder for an LLM
to assess from text alone.

Table 4 presents the percentage of questions evaluated in each set where
at least one problem was flagged at each QAS step, across coder types.
Again, the proportion of questions with flagged problems varies by coder
type and across steps. In the main set, LLM 1 identified problems for the
fewest number of questions, except at Step 1 where it flagged reading-related
problems for 36% of the questions, compared with the 32% of questions
flagged by the novices and 75% questions by Expert 1. LLM 1 was also
least likely to identify questions with problems at Steps 2 (instructions) and
step 6 (sensitivity), where just 7% and 22% of questions were flagged. By
contrast, Expert 1 consistently flagged more questions as having problems
at each step than both the LLM and the Novices. The average differences in
the proportion of questions with problems flagged across all steps between
the LLM and Expert 1 was 43%, and between the LLM and the novices was
20%, compared with 24% between Expert 1 and the Novices (not shown in
table).

The relative pattern of flagging across steps was broadly consistent
across coder types: Question Clarity (Step 3) was the most frequently
flagged step for all three coders, and Instructions (Step 2) and Other (Step 8)
were consistently the least flagged. Rank-order correlations between coders
confirm this broad agreement (LLM 1 vs Expert 1: r = 0.81; LLM 1 vs
Novice 1: r = 0.71; Novice 1 vs Expert 1: r = 0.93; see Appendix Table 4
for full correlation matrices for all coders in both question sets). The main
exception is Step 7 (Response Categories), which ranked second for both
Expert 1 (94% questions flagged) and Novice 1 (68%), but fifth for LLM
1 (28%), suggesting LLM 1 is less attentive to response category problems
than human coders. In the validation set, LLM 2 showed substantially
higher rank-order correlations with human coders (0.84–0.98) than LLM
1 (0.41–0.72), suggesting greater consistency between Claude and human
evaluators in their ordering of which QAS steps presented the most problems.
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A clear pattern emerges when considering which of the eight QAS steps
contribute most to the total number of disagreements between coders (across
both question sets) (see top panel of Figure 3). Across all comparisons and
question sets, the two QAS steps that contribute most disproportionately to
disagreements (crossing the dotted reference line in the figures) are Step 3
(clarity), where both flagging and disagreement rates were high, and Step 7
(response categories), where flagging rates were lowest for the LLMs, but
disagreement rates were also generally lower.

Step 3 (which includes four coding decisions) accounted for 19% of dis-
agreements between LLM 1 and Expert 1 in the full question set (validation
set: 20% of disagreements between LLMs and Experts); and 22% of disagree-
ments between LLM 1 and Novice 1 (validation set: 23% of disagreements
between LLMs and Novices). For the human comparisons, Step 3 was
responsible for 17% of the disagreements between Expert 1 and Novice 1
(validation set: 19% of disagreements between experts and novices and 18%
of disagreements between experts). The middle panel of Figure 3 shows
that for LLM-Novice disagreements, Step 3c (Vague) contributes most at
31%, followed by Step 3b (Technical Terms) at 27%, while Step 3a (Word-
ing) falls clearly below the expected rate of 25% at 17%. For LLM-Expert
disagreements the picture is more even: Steps 3b (27%), 3c (26%), and 3d
(Reference Periods; 26

Step 7 (which includes seven separate coding decisions) accounts for
23% of disagreements between LLM 1 and Expert 1 (validation set: 25%
aggregated across both LLMs and all experts), 19% of disagreements between
LLM 1 and Novice 1 (validation set: 22% across both LLMs and novices).
Three sub-steps of Step 7 contribute disproportionately to discordant flagging
between LLM 1 and Expert 1: Step 7b (mismatches; 17%), Step 7d (vague
response categories; 28%), and Step 7f (missing response categories; 28%).
For LLM 1 and Novice 1, Step 7c (technical terms in response categories;
20%) also exceeds the expected rate of 14%, alongside Steps 7b (19%), 7d
(26%), and 7f (17%). For the human comparisons, Step 7 accounts for
24% of disagreements between Expert 1 and Novice 1 (validation set: 25%
across all experts and novices), with Steps 7b (16%), 7d (21%), and 7f (27%)
again contributing above the expected rate (see lower panel of Figure 3).
In the validation question set, this pattern was broadly consistent: Steps
7b, 7d, and 7f again accounted for the largest share of disagreements across
LLM comparisons (LLM-Expert: 19%, 21%, 28%; LLM-Novice: 26%, 21%,
24%). The one divergence was for Expert-Novice comparisons, where Step
7e (overlapping response categories; 17%) also exceeded the expected rate in
the validation set, a pattern not observed in the main question set.
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3.3 LLM hit rates for different types of data quality
risk (RQ3)
The above findings confirm that while LLMs are consistently more con-
servative in their appraisal of draft survey questions compared to human
evaluators, flagging propensity and patterns also vary idiosyncratically, and
(apparently) as a function of ambiguity around certain coding decisions.
To control for some of this variability, the final part of the analysis uses
evaluations by Expert 1 (who had the highest flagging rate) as a comparison
point against which to assess the appraisals made by GPT-4 and the novices.

Using the classification of 26 QAS decisions (excluding Step 8) presented
in Table 1, Figure 4 shows the ‘hit rates’ for LLM 1 and Novice 1 – i.e., the
percentage of problems flagged by Expert 1 that each also flagged. The figure
also shows the ‘unconfirmed flag rate’ – the number of problems flagged by
the LLM and the novices that were not flagged by Expert 1 (Appendix Table
5 shows average hit and unconfirmed flag rates for all coders, for the main
set and the validation set). Low hit rates indicate ‘under-flagging’ (more
conservative assessments compared to Expert 1) while unconfirmed flags
indicate ‘over-flagging’ (’false discovery’), or simply flagging other problems
Expert 1 missed (liberal assessments generally, or for specific QAS codes).
The combination of a low hit rate and high unconfirmed flag rate indicates
systematic divergence from Expert 1 – i.e., a coder who is interpreting
specific QAS coding decisions differently altogether.

As previously noted, across all four types of data quality risk, LLM 1’s
(red circles) hit rate is lower on average than that of Novice 1 (blue circles)
at 22% compared with 37%. This is markedly so for question problems
presenting a risk of measurement bias, where the model’s average hit rate
was 24% compared with 51% for the novice). GPT-4 was especially likely to
underflag questions with sensitive wording and socially acceptable answers,
while the novices had the highest hit rates (over 50%) for questions presenting
recall and computation challenges. Hit rates for both coders were lowest for
question problems presenting a risk of low validity (though not necessarily
low reliability), though Novice 1’s rate was still just over twice that of the
LLM (34% versus 15%). GPT-4 was far less likely to detect double-barreled
questions, questions where knowledge might be lacking and questions with
missing response categories. The hit rates for the two coders were most
similar for problems presenting a risk of item-nonresponse (26% for the
LLM versus 29% for Novice 1), though the LLM was better at detecting
problems with instructions and complex wording. Problems relating to
response categories presenting a risk of increased measurement variance
(e.g., vague, overlapping, or illogical ordering) were also far less likely to
be detected by the LLM compared to the novices, though the hit rate was

19



n=26

n=42

n=70

n=86

n=7

1/4

0/7

1/26

8/39

1/3

15/21

3/13

7/35

5/29

4/6

Hit rate
Unconfirmed flag rate

n=52

n=28

n=53

n=38

n=70

2/18

2/14

4/25

0/2

1/1

14/43

11/28

9/35

7/22

9/42

n=42

n=68

n=52

n=81

n=110

n=66

n=65

n=23

n=81

n=38

n=17

6/16

8/26

5/26

3/26

3/56

15/36

3/8

0/2

3/12

0/4

1/3

2/8

8/23

2/12

8/52

2/68

16/44

10/40

20/29

5/35

2/10

1/4

n=30

n=52

n=37

n=50

n=88

1/2

5/10

4/12

8/21

1/14

6/14

10/30

14/31

7/24

6/27

R
is

k 
of

 it
em

−n
on

re
sp

on
se

R
is

k 
of

 m
ea

su
re

m
en

t b
ia

s
R

is
k 

of
 in

cr
ea

se
d

m
ea

su
re

m
en

t v
ar

ia
nc

e
R

is
k 

of
 lo

w
 v

al
id

ity

0% 25% 50% 75% 100%

Step 7a − Open−ended question

Step 4a − Inappropriate assumptions

Step 3a − Complex wording

Step 2b − Complicated instructions

Step 2a − Conflicting instructions

Step 6c − Socially acceptable

Step 6b − Sensitive wording

Step 6a − Sensitive content

Step 5d − Computation

Step 5c − Recall

Step 7g − Illogical order

Step 7e − Overlapping categories

Step 7d − Vague categories

Step 7c − Technical terms

Step 4b − Assumes constancy

Step 3d − Reference periods

Step 3c − Vague wording

Step 3b − Technical terms

Step 1c − How to read

Step 1b − Missing information

Step 1a − What to read

Step 7f − Missing categories

Step 7b − Mismatch

Step 5b − Attitude

Step 5a − Knowledge

Step 4c − Double−barreled

% of expert−flagged problems also flagged by LLM / novice

LLM 1 Novice 1

Figure 4: Hit rates and unconfirmed flag rates for LLM 1 and Novice 1 compared
to Expert 1 by data quality risk type

20



still below 50% for the latter, and only exceeded 50% in this category for
questions with vague wording or with undefined technical terms.

In the validation question set, findings were broadly consistent with
the main set. The most notable divergence was for measurement bias
risks: Claude performed markedly better than GPT-4 (average hit rate
62% versus 21%), bringing the LLM mean above that of the novices (42%)
and approaching the expert mean (67%) for this category. This confirms
measurement bias as the most skill-dependent data quality risk category in
the QAS.

The unconfirmed flag rates presented in the right-hand panel of Figure 6
show the number of problems flagged by each coder that were not flagged
by Expert 1 (in the numerator) of the total number of problems each coder
flagged (in the denominator). Summarising across the problem types, in the
main question set, GPT-4’s average ‘overflagging’ rate was 25%, which was
lower than that of Novice 1 (31%). Mean overflagging rates varied across the
data quality risk categories. Similar ’overflagging’ rates between coders were
observed for problems presenting threats to validity and problems presenting
risks of measurement bias. The lowest unconfirmed flag rates were for
problems presenting threats to reliability (23% for the LLM versus 26%
for Novice 1). Overflagging was markedly lower for the LLM for problems
presenting risks of item-nonresponse (17% versus 40%). These summary
statistics obscure the actual number of incidents concerned, however. In the
validation question set, unconfirmed flag rates followed a similar pattern:
rates were higher for novices than LLMs overall (46% versus 28%), and
expert rates were comparable to those of the LLMs (32%).

4 Discussion
Understanding how best to capitalise on the strengths of LLMs and to
establish their current limitations is a key priority for survey methodology and
practice (Eloundou et al., 2023; Brand et al., 2023; Jansen et al., 2023; United
Nations Economic Commission for Europe (UNECE), 2023; Learner, 2024;
Wuttke et al., 2025). This study addressed two related aims: to demonstrate
a scalable procedure for automating systematic question evaluations using a
rule-based coding framework, and to validate LLM performance in applying
RTI’s Question Appraisal System-99 (Willis and Lessler, 1999) - one of the
most widely used QDET frameworks — against human coders of varying
expertise. The pipeline we developed returns structured data suitable for
quantitative analysis or for generating actionable reports for users (see
Appendix). To our knowledge, the inter-rater reliability assessment reported
here is the largest formal evaluation of the QAS-99 undertaken to date
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(Schaad et al., 2020), and the first to compare LLM and human ratings
across all 27 QAS codes.

Across all three research questions, a consistent picture emerged. Overall
agreement rates between LLMs and human coders were comparable to those
between Experts and Novices, but Gwet’s AC1, which corrects for chance
agreement and is robust to low base rates (Gwet, 2008), revealed only slight
to fair agreement between Expert 1 and all other coders. LLMs thus appear
to detect question problems more like novices than experts, while both are
comparably reliable relative to expert coding.

Focusing on aggregate agreement rates obscures significant variation in
flagging thresholds and patterns across individual coders and coder types
- variation attributable both to differences in expertise and to inherent
subjectivity in certain QAS coding decisions (Willis and Lessler, 1999). Two
steps contributed disproportionately to disagreements across all coder pairs:
Step 3 (Clarity), where both flagging and disagreement rates were high, and
Step 7 (Response Categories), where LLMs flagged notably fewer problems
than human coders. Technical terms, vague wording, and mismatched or
missing response categories were the specific sources of disagreement —
coding decisions that likely require more nuanced linguistic and structural
judgements than others.

Using Expert 1’s evaluations as a benchmark, LLM 1 (GPT-4) under-
flagged problems at a higher rate than the student novices across most data
quality risk types, and was particularly unlikely to detect double-barreled
questions, questions for which knowledge may be lacking, and questions with
potentially sensitive or socially desirable answers. Among response-category
problems, LLM 1 also under-flagged at a higher rate than Novice 1. Claude
Sonnet 4.6, by contrast, detected markedly more measurement bias risks
than GPT-4 in the validation set (62% vs 21% hit rate), though at the cost
of a higher unconfirmed flag rate — a pattern consistent with a more liberal
detection strategy overall.

Our findings align broadly with previous studies demonstrating disagree-
ment between coders in their evaluation of questionnaires (e.g., Olson, 2010;
Bais et al., 2019; Schaad et al., 2020). Schaad et al. (2020) similarly found
that senior raters flagged more problems and that Step 7 (Response Cat-
egories) was among the steps with lowest agreement. Their finding that
Step 2 (Instructions) also showed low agreement contrasts with our results,
however, underscoring that observed levels of inter-rater agreement reflect
not only coder expertise but also the characteristics of the specific ques-
tions evaluated and idiosyncratic code use by individual raters. Research at
Statistics Netherlands likewise found considerable individual-level variation,
especially for question characteristics deemed ‘harder’ to code due to weaker
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definitions (Bais et al., 2019; Schouten et al., 2018). Notably, ‘sensitive
information’ was one such characteristic, which is consistent with our finding
that potentially questions with socially acceptable answers were among the
problems least likely to be flagged by LLMs. This implies that the cultural
sensitivity influencing human perceptions of such features may similarly
result in their underdetection by AI, though our study suggests this varies
by model.

Importantly, we also observed significant variation in agreement rates
between individual QDET experts, consistent with a broader literature
finding considerable inconsistencies in expert evaluations of questionnaires -
especially for sensitivity-related characteristics (e.g., Presser and Blair, 1994;
DeMaio and Landreth, 2004; Conrad and Blair, 2004; Olson, 2010). This
context highlights the need for caution when evaluating LLM performance
through comparison with human coders, without adequately accounting for
variability in individual applications of coding schema and possible ambigu-
ities in the framework itself. We do not consider Expert 1’s coding to be
ground truth; her high flagging rate may include substantial unsubstantiated
over-flagging. As Rothgeb et al. (2007) noted of the QAS specifically, the
method may encourage ‘a low threshold for problem identification, producing
a large number of false positive results’ (p. 3). Finding ways to disentangle
expertise effects from framework ambiguity is key to making valid judge-
ments about the utility of rule-based QDET tools and the skill of those
applying them.

Our results also emphasise that LLMs are capable of producing human-
like evaluations of survey questions at scale and at speed. The expert
QAS evaluations undertaken here took around 15 minutes on average per
question, compared to less than a minute for the LLM. This confirms the
cost efficiencies to be gained for questionnaire pre-testing, as well as for post-
hoc studies of the link between question characteristics and measurement
error (Maitland and Presser, 2020; Dykema et al., 2020). Performance
nonetheless varies across models and will continue to improve. Results
from a single prompt and single run should be interpreted cautiously, given
known variability in LLM output across successive runs (e.g., Haase et al.,
2026), though in our pretesting we found within-model variability to be
lower than cross-model differences. When developing our prompt, we were
able to significantly improve GPT-4’s performance for some QAS codes
by reformulating the original wording of the QAS steps to help improve
task clarity and through minor adaptations to the system prompt designed
to encourage more critical appraisals. Staying as close as possible to the
instrument used by the human coders was a priority, however, so we did not
experiment extensively with the prompt to try to optimise model performance.
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Our conclusions about the relative QAS flagging rates of LLMs compared to
humans should, therefore, be interpreted taking this limitation into account.

Further improvements to model performance are achievable through tech-
nical adjustments not yet explored here, such as adding few-shot examples,
prompt chaining, or tuning model temperature. Practitioners using the
prompt developed here should investigate further how prompt configuration
and model choice affect task performance. The pattern of under-flagging
for GPT-4 appeared to be most pronounced for problems requiring social
or cultural judgements (social norms, sensitivity, adequacy of response for-
mat), while surface linguistic features were detected more reliably. Claude
Sonnet 4.6 showed a different profile, performing better on conceptual and
social codes but less well on some linguistic ones. This suggests that the
interpretive strategies of different models may vary substantively, making
them more or less adapted to certain tasks. These observations highlight the
importance of model choice and configuration when using LLMs for QDET
tasks, as well as the potential value of fine-tuning.

Perceptions of problem severity may arguably play an influential role
in different raters flagging decisions, with some characteristics not being
flagged when present, if they are not deemed especially problematic. While
this seems likely to vary as a function of expertise, it is not helped by
contradictory recommendations and empirical findings in the literature as
to which question formats should be preferred and about the severity of
the impact of different question problems on actual measurement quality.
Paradoxically, unreliable application of rule-based QDET frameworks also
contributes to this lack of coherence in the empirical literature on the relation
between problematic question characteristics and survey measurement error
(Bais et al., 2019; Schouten et al., 2018). A contradictory knowledge base
also serves as a less than ideal basis for training LLMs to detect serious
problems.

We attempted to assess whether detection rates varied as a function of
the type of data quality risk presented by each problem, on the assumption
that different risk types carry different consequences for measurement quality
and call for different remedies. This classification was not unproblematic:
certain codes could plausibly belong to more than one risk category, and
the ultimate impact on data quality is determined by the combined role of
multiple item characteristics, many of which are not addressed in the QAS-99
(but see Dean et al., 2007; Schaad et al., 2020, for important extensions).
Alternative classifications may yield different conclusions about the relative
utility of the framework or the skill of those applying it.
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5 Conclusion
This study demonstrates that LLMs can apply a systematic QDET frame-
work at scale with reliability broadly comparable to novice human coders,
while exhibiting identifiable and model-specific patterns of under-detection.
Ultimately, however, the goal should not only be an evaluation tool that is
reliably applied, but one that can also lead to significant improvements to
question validity and reliability, and by extension, data quality. This was
the primary motivation for the QAS — to catch the significant threats to
measurement quality so they could be addressed in subsequent phases of pre-
testing, such as cognitive interviews (Willis and Lessler, 1999). Integrating
LLMs into QDET processes presents new opportunities to streamline such
procedures, particularly because of their apparent strengths at proposing
effective revisions to flawed questions based on problems identified. Gen-
erative AI also provides novel ways to strengthen the empirical base for
knowledge about links between questionnaire design and measurement error,
through large-scale coding of item characteristics in existing surveys (partic-
ularly those with experimental designs) and study of their associations with
observed measurement quality. Along with greater conceptual clarification
of the mechanisms by which different question characteristics can impact
measurement inference, advances in GenAI can support meaningful improve-
ments in the design and application of rule-based QDET systems, and in
what is understood about effective social measurement methodology.
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