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Abstract

Educational large-scale assessments (LSAs) provide information on competencies across
cohorts, populations, and test domains. However, when examinees lack test-taking motivation, they
can respond to test items without investing their best effort, knowledge, and abilities, a behavior called
disengaged responding. Because disengaged responses do not reflect the proficiency of the examinees,
these responses can pose a threat to the validity of assessment outcomes. To ensure the
interpretability of findings from LSAs, disengaged responding needs to be accurately identified and
accounted for in the measurement of competencies. Moreover, it is important to understand in which
contexts disengaged responding arises and which consequences it entails. Therefore, this dissertation
includes three articles that addressed major, yet unresolved issues in the context of disengaged
responding concerning its identification (Article 1), accounting for it in the measurement of
competencies (Article 2), and the generalizability of established findings to child samples (Article 3).

Most approaches to identifying disengaged responding rely solely on item responses and
response times, thereby risking the misclassification of fast engaged or slow disengaged responses.
Article 1 aimed to improve the classification accuracy of response-time based identification methods
by introducing and evaluating three novel process data indicators of disengaged responding in reading
comprehension tasks: text reread, item revisit, and answer change. Findings from an empirical study
suggest that the improvement in classification accuracy was marginal to non-existent, thereby
confirming response times as an important indicator of disengagement.

Although many LSAs provide proficiency estimates as plausible values, no study has yet
investigated how disengagement should be accounted for in their estimation. Article 2 addressed this
gap by proposing and evaluating different approaches to (not) accounting for disengaged responding
in the estimation of plausible values. A simulation study demonstrated that achievement gaps
estimated with plausible values can be biased by disengaged responding. While models that accounted
for disengagement in the measurement model effectively reduced these biases, models accounting for

it solely in the population model did not. An additional empirical study found no difference between
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the models, supporting recent studies which claim that the impact of disengaged responding on
achievement gaps may be negligible in practice.

Most empirical findings on disengaged responding are based on adolescent or adult samples,
ignoring the fact that many LSAs also include child samples. Article 3 challenged the generalizability of
established findings on disengaged responding to child samples by providing theoretical considerations
on why the test-taking behavior of children may differ from that of older examinees. Additionally, the
findings from an empirical study supported recent research indicating that disengaged responding may
be less common among children. Only proficiency could be replicated as predictor of disengaged
responding, while gender and socio-economic status could not. Further results suggested that the
impact of disengaged responding on achievement gaps may be limited in this age group.

Taken together, this dissertation combines theoretical, methodological, and empirical
approaches to improve our understanding of disengaged responding and the validity of LSAs. The
central findings bear important implications for the identification, modeling, and consequences of
disengaged responding. First, they support response-time based measures as strong indicators of
disengagement while suggesting that process data may not always provide sufficient information on
test-taking engagement to inform new identification methods. Second, they highlight the need to
accurately account for disengaged responding also in plausible value estimation. Third, this dissertation
suggests that and discusses why the threat (rapid) disengagement poses to the validity of group-based
assessment outcomes may be less pronounced than often assumed. Fourth, it challenges the
generalizability of established findings to child samples. By laying conceptual and methodological
groundwork, this dissertation provides a foundation for future research aimed at developing more

robust, valid, and context-sensitive approaches to measuring competencies in educational LSAs.
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1 Introduction

Educational large-scale assessments (LSAs) such as the Programme for International Student
Assessment (PISA) or the Programme for the International Assessment of Adult Competencies (PIAAC)
provide important information on competencies across different populations and cohorts, thereby
enabling fundamental research on competence development, educational effectiveness, and social
inequality in education. However, valid inferences require an accurate measurement of the
competencies of interest. Because LSAs usually do not entail any performance-based consequences for
the examinees, this prerequisite may be violated. The lack of consequences can impair participants’
test-taking motivation, which in turn can lead to a behavior called disengaged responding — that is, the
test takers respond to items without investing their best effort, knowledge, and abilities (Wise, 2017).
When test takers are disengaged, their responses may not accurately reflect their true proficiency,
thereby undermining a central assumption of competence testing and posing a risk to the validity of
proficiency scores (Wise, 2017; Wise & Demars, 2005).

Because of the potentially severe implications for LSAs, there has been a growing body of
research on disengaged responding and its consequences over the past three decades (Alahmadi &
DeMars, 2025; Goldhammer et al., 2017; Rios et al., 2017, 2022; Schnipke & Scrams, 1997; Ulitzsch et
al., 2020; Wise, 2017, 2020; Wise & Demars, 2005, 2010). Although previous studies have gained
numerous insights into the causes, measurement, antecedents, prevalence, and impact of disengaged
responding, important questions remain unanswered. Therefore, this cumulative dissertation
addresses three of the most consequential research gaps concerning the identification of disengaged
responses (Article 1), accounting for disengagement in the measurement of competencies (Article 2),
and the generalizability of established findings to child samples (Article 3). Combining methodological,
empirical, and theoretical approaches, it contributes to an improved understanding of disengaged
responding and how to handle it in the context of educational LSAs. The following paragraphs present
each of the three research gaps and shortly describe the unique contribution of each article included

in this dissertation.



The prerequisite for any empirical research on disengaged responding and for accounting for it
in proficiency estimation is to accurately assess it. Because disengaged responding is an unobservable
construct, this poses a great challenge to the researcher. Most proposed identification methods focus
on disengaged responses characterized by unusually short response times, since they are easily
detectable (Nagy & Ulitzsch, 2022; Wang & Xu, 2015; Wise, 2019; Wise & Ma, 2012). However,
response-time based approaches are prone to misclassifications when engaged examinees respond
very fast or when disengaged examinees respond slowly (Wise, 2020). Therefore, there is a need for
new methods that classify test-taking engagement more accurately. One possible approach is to
incorporate additional information on the test-taking process into existing identification methods.
Article 1 addressed this gap by proposing and evaluating novel potential indicators of test-taking
engagement derived from process data, thereby contributing to an enhanced identification and
classification of disengaged responding.

Once disengaged responses have been identified, they need to be accounted for in the
estimation of competencies to ensure unbiased proficiency estimates and valid inferences. Although
many approaches to accounting for disengaged responding have been proposed and evaluated (e.g.,
Ulitzsch et al., 2020; Wise & Demars, 2006), none exist for plausible value estimation. However, in many
educational LSAs, proficiency estimates are provided as plausible values due to their considerable
methodological and practical strengths (Wu, 2005). To close this gap, Article 2 proposed and evaluated
different approaches to accounting for disengaged responding in the estimation of plausible values. In
doing so, it advances our understanding of how disengaged responding can be appropriately handled
in LSAs and supports researchers and practitioners in a more accurate measurement of competencies.

In addition to the methodological challenges posed by disengaged responding, the
generalizability of established findings to child samples remains uncertain, since most studies on
disengaged responding rely on adolescent and adult samples (e.g., Goldhammer et al., 2017; Kroehne
et al., 2020; Michaelides & Ilvanova, 2022). Because children are still undergoing cognitive development
(Piaget, 1970/2022), their test-taking behavior may differ from that of older examinees. However, no

study has yet examined whether findings on disengagement replicate in younger samples, although



initial evidence suggests that children may be more engaged than adolescents (Jensen et al., 2018;
Kuhfeld & Soland, 2020; Wise & Kingsbury, 2022). The third study addresses this gap both by providing
theoretical considerations on children’s test-taking engagement and by investigating the antecedents,
prevalence, and impact of disengaged responding in a sample of German elementary school students.
It contributes to a more comprehensive picture of test-taking engagement by increasing our
understanding of disengaged responding among children.

The remainder of the dissertation is structured as follows. First, a literature review provides an
overview of the construct of disengaged responding, its identification and incorporation in proficiency
estimation, as well as important empirical findings. The review begins with a section that defines key
terms used in the disengagement literature and summarizes existing theories regarding the occurrence
and potential consequences of disengaged responding. The subsequent two sections present and
discuss different approaches to identifying disengagement and to accounting for it in the measurement
of proficiency. The final two sections review important empirical findings on disengaged responding,
beginning with its prevalence and antecedents and concluding with its impact on the validity of
assessment outcomes. Following the literature overview, the rationale for the three articles included
in this work is presented. Each article is then summarized, highlighting its unique contribution to the
disengagement literature. Finally, an overarching discussion integrates the results of the articles by
identifying shared findings and conclusions, discussing limitations and implications for LSAs, and

outlining directions for future research.



2 Literature Review

2.1 Theoretical Framework

Educational LSAs measure competencies across different cohorts, populations, and domains to
inform policy and practice. For example, evidence on achievement gaps between subpopulations can
prompt decision makers to provide targeted support to disadvantaged groups. A fundamental
assumption underlying competence assessment, however, is that test takers apply their best
“knowledge, skills, and abilities when responding to each item” (Wise, 2017, p. 52) — that is, they are
engaged. If, instead, examinees respond without investing their best effort (i.e., they are disengaged),
the assessment may — contrary to the test developer’s intention — measure not (only) proficiency but
(also) motivation. As Cronbach put it already in 1970, “unless [the examinee] cares about the result he
cannot be measured.” (p. 60).

A growing body of research shows that the assumption of full engagement is often violated in
LSAs (Avvisati et al., 2024; Goldhammer et al., 2016; Knekta & Ekl6f, 2015; LaFave et al., 2022;
Michaelides & Ivanova, 2022; Rios et al., 2022; Rios & Soland, 2022; Wise, 2017; Wise & Demars, 2005).
While LSAs are high stakes for administrators, they are typically low stakes for test takers: although
results may have important policy implications, they usually carry no direct consequences for
participants. This lack of performance-based consequences can impair the examinee’s test-taking
motivation (Wise, 2017), defined as “the willingness to engage in working on test items and to invest
effort and persistence in this undertaking” (Baumert & Demmrich, 2001). Unmotivated test takers may
not invest sufficient effort when responding to test items — a behavior referred to as disengaged
responding. When the disengagement is accompanied by unusually short response times, it is termed
rapid guessing (Wise, 2017). On the other hand, when the test takers are motivated and invest effort
into their responses, they engage in solution behavior (Schnipke & Scrams, 1997).

The literature mainly draws on two theoretical frameworks for explaining the emergence of
disengagement in competence assessments. Expectancy-value theory (e.g., Eccles & Wigfield, 2002;
Wigfield & Eccles, 2000) focuses on achievement motivation and how it arises. According to this theory,

achievement motivation is determined by two factors: (a) a person’s expectancy of success and (b) their



perceived value of the task. While the expectancy component can be further divided into ability beliefs
(i.e., beliefs about general competence) and expectancies (i.e., expectancy regarding the specific task),
the task value component comprises four parts: intrinsic value (e.g., interest, enjoyment), attainment
value (e.g., importance of doing well on the task), utility value (e.g., usefulness), and cost (e.g., test
anxiety, worry). A person will be motivated in a task if they both expect to succeed and perceive that
the task is valuable for them. Due to the lack of consequences in low-stakes assessments, test takers
may not ascribe much value to the test and their performance in it (EkI6f, 2010; Wise & Demars, 2005).
Empirical results support this assumption, with test-takers in high-stakes assessments reporting higher
levels of expectancy, importance, interest, and test anxiety than those in low-stakes tests, while the
largest differences were detected for importance and test anxiety (Knekta & EkI6f, 2015). Moreover,
LaFave et al. (2022) found that less than two thirds of the participants in the National Assessment of
Educational Progress reported that the test was important or very important to them.

In contrast to the expectancy-value theory, the demands-capacity model by Wise and Smith
(2011) acknowledges that test-taking effort may not only be determined by a test-takers’ motivation,
but also by test and item characteristics. The authors assume that test takers decide separately for each
item whether to respond with or without effort. This decision depends both on the resource demands
of the item (e.g., difficulty, mental taxation) and on the effort capacity of the test taker (i.e., willingness
or ability to invest effort). The test taker will invest effort into their response if the effort capacity
exceeds the resource demands. Empirical findings support the assumptions of the demands-capacity
model. Numerous test- and item-level predictors of test-taking engagement have already been
identified (e.g., item type, difficulty and complexity, Avvisati et al., 2024; item position, Guo et al., 2022;
test domain, Michaelides & lvanova, 2022; item length, Setzer et al., 2013), indicating that test-taking
engagement indeed does not only depend on person characteristics, but also on factors such as test
design and item type. Other studies suggest that test-taking engagement manifests at the response
(i.e., item-by-person) level, that is, the test takers decide for each item anew if they want to invest

effort or not (Wise & Kingsbury, 2016).



While understanding why disengagement occurs is crucial, it is equally necessary to consider
the challenges it poses for LSAs. Since disengaged responses do not reflect the true ability of the test
takers, they introduce construct-irrelevant variance to proficiency estimates (see American Educational
Research Association et al., 2018, or Messick, 1995, for an introduction to validity and potential threats
in testing contexts). As a consequence, the validity of the test scores and interpretations based on them
may be impaired (Wise, 2017; Wise & Demars, 2005). To understand the scope of the problem and to
avoid the potentially negative consequences for the validity of assessment outcomes, it is essential to
accurately identify disengaged responses and to correctly account for them in the measurement of
competencies.

2.2 Identification of Disengaged Responding

Because disengaged responding is a motivational construct, it is not directly observable. This
poses challenges for both its measurement and its interpretation: since we can never know if
respondents really were disengaged on a given item or entire test, different approaches for its
identification represent only approximations of the true construct. Due to these challenges, scientists
have proposed numerous approaches to identifying disengaged responding (Guo et al., 2016; Meyer,
2010; Nagy & Ulitzsch, 2022; Pokropek, 2016; Schnipke & Scrams, 1997; Ulitzsch et al., 2020; Wise,
2019; Wise & Kong, 2005; Wise & Ma, 2012; Yamamoto, 1995).

While the most obvious choice for detecting disengagement is to simply ask test takers after
an assessment if they were engaged during the test, this approach comes with the typical pitfalls
associated with self-reports: social desirability, response style, memory bias, subjectivity, and potential
disengagement also in post-assessment questions, to name a few (Silm et al., 2019; Wise, 2020; Wise
& Demars, 2005; Wise & Kong, 2005). Therefore, most approaches rely on observable behavior for
identifying disengaged responses.

For example, person-fit statistics from item response theory (IRT) models (see Chapter 2.3) can
be used to flag test takers with aberrant response patterns (e.g., Bolt et al., 2002; Coniam et al., 2021;
Yamamoto, 1995). However, these approaches assess disengaged responding only on the person level,

assuming that test-taking engagement is constant across the entire test (Coniam et al., 2021) or



changes only once (Bolt et al., 2002; Yamamoto, 1995). Since both theory and empirical results suggest
that disengaged responding manifests at the response level (Goldhammer et al., 2017; Michaelides &
Ivanova, 2022; Rios & Soland, 2022; Ulitzsch et al., 2020; Wise, 2017; Wise & Kingsbury, 2016; Wise &
Smith, 2011), a more fine-grained measurement of disengagement is required.

Numerous identification approaches leverage response time data to identify disengaged
responding for each response separately. They can be broadly divided into two categories: (a)
threshold-based and (b) model-based methods. Both approaches assume that disengaged responding
is mainly characterized by unusually short response times, therefore focusing on rapid guessing as a
common form of disengagement. While threshold-based methods identify disengagement
deterministically by comparing the actual item response time to a pre-determined item-specific
threshold (Guo et al., 2016; Lee & Jia, 2014; Wise, 2019; Wise & Ma, 2012), model-based methods
estimate disengagement probabilistically by jointly modeling test-taking engagement and proficiency
based on a test takers’ item responses and response times (Nagy & Ulitzsch, 2022; Pokropek, 2016;
Ulitzsch et al., 2020; Wang & Xu, 2015).

Due to their simplicity and low computational demands, many researchers and practitioners
rely on threshold-based methods for the measurement of disengaged responding (e.g., Goldhammer
et al., 2017; Michaelides & Ivanova, 2022; Rios et al., 2022). These approaches set a response-time
threshold for each item that distinguishes between engaged and disengaged responses. If the item
response time t;; of person / on item j is shorter than the item-specific threshold p;, the response

engagement ¢;; is classified as disengaged (¢;; = 0), otherwise as engaged (¢;; = 1):

bij € {O' Tty <pi (1)

1, if tij = p;.

Threshold-based approaches differ in their procedure of selecting the appropriate thresholds.

They either rely solely on response time information (e.g., Wise & Ma, 2012) or additionally include
information gained from item responses or process data (e.g., Sahin & Colvin, 2020; Wise, 2019). The
most simplistic is the common-k approach, which defines a uniform response-time threshold for all

items based on theoretical considerations (e.g., no person can read an item in less than three seconds;



Wise et al., 2004). While this heuristic method is simple to apply, it does not account for item-specific
differences in time demands. Other approaches incorporate item-specific response time information
into threshold selection. The visual threshold method, for example, assumes that rapid guessing and
solution behavior follow distinct response time distributions, typically resulting in a bimodal overall
distribution (Wise et al., 2009). The threshold is set at the intersection of these two distributions.
However, in small samples or when rapid guessing is infrequent, the bimodal structure may be unclear,
rendering this approach potentially difficult to apply. Alternatively, the normative threshold method
defines a threshold as a fixed percentage of the average item response time (e.g., 10%), independent
of the observed distribution (Wise & Ma, 2012). Other approaches incorporate additional information
into the threshold selection, for example by plotting the average accuracy (Guo et al., 2016; Lee & lJia,
2014) or the average correlation between item response and total score (Wise, 2019) per response
time bin. The threshold is set at the response time at which the accuracy or correlation exceeds chance
or a theoretically determined value. However, these approaches require huge sample sizes for being
able to estimate a meaningful average accuracy or correlation per response time bin.
Threshold-based approaches are widely used in research and in practice, although the method
of setting a threshold may vary. Their main advantage is that they are both easy to comprehend and to
apply, while still offering plenty of flexibility to the researcher as they can choose from a multitude of
methods. Furthermore, they do not require long computation times. However, setting thresholds can
still be a cumbersome procedure. Non-automated methods of threshold selection require item-based
analyses and decisions, which can become very time consuming in tests with large item sets. Moreover,
some threshold-setting methods still require huge sample sizes (e.g., when plotting accuracy or item-
total correlation by response time for each item) or specific response time distributions (e.g., bimodal
distribution for the visual inspection method) — prerequisites that prevent the accurate selection of a
threshold if not met (Wise, 2019). Lastly, the deterministic approach to classifying test-taking
engagement does not include a measure of uncertainty, potentially leading researchers and

practitioners to overestimate the accuracy of classification.



Model-based approaches to identifying disengaged responding overcome these issues by
modeling test-taking engagement as a latent construct (Leventhal & Pastor, 2023; Nagy & Ulitzsch,
2022; Pokropek, 2016; Ulitzsch et al., 2020; Wang & Xu, 2015). The vast majority of these approaches
are based on mixture models that define test-taking engagement as a latent class variable at the
response level, consisting of the two latent classes solution behavior and disengaged responding (Nagy
& Ulitzsch, 2022; Pokropek, 2016; Ulitzsch et al., 2020; Wang & Xu, 2015). In the solution behavior
class, the probability of a correct response depends both on the examinee’s proficiency and on item
characteristics, whereas in the disengaged responding class, the probability corresponds to chance
level. Thus, both the accuracy and the psychometric information (i.e., information on person and item
parameters) are assumed to differ between engaged and disengaged responses. Item response times
can be incorporated to improve classification accuracy either by defining distinct response time
distributions for each latent class (Meyer, 2010; Ulitzsch et al., 2020; Wang & Xu, 2015) or by regressing
test-taking engagement on response times (Pokropek, 2016).

The main strengths of using model-based approaches for measuring disengaged responding lie
in the joint modeling of test-taking engagement and proficiency, thereby combining the identification
of disengagement and its incorporation into proficiency estimation in one step. This approach allows a
detailed understanding of the complex relationships between response time, proficiency, and test-
taking engagement, while also accounting for the uncertainty in the classification of test-taking
engagement by assigning each response a probability of disengagement. By integrating response times,
accuracy, and psychometric information in the identification of disengagement, these approaches may
additionally facilitate an improved classification compared to solely response-time based methods.
Furthermore, model-based methods can account for person-level effects of disengagement and
processing speed. However, these approaches are also computationally intensive, require large sample
sizes, and rely on distributional assumptions for response times that may not always hold (Molenaar et
al., 2018).

A common drawback of the presented response-time based identification methods is that the

binary classification in engaged or disengaged may be over-simplistic, with recent research suggesting
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that not all responses classified as solution behavior may indeed be engaged (Nagy et al., 2022; Wise
& Kuhfeld, 2021). By limiting the definition of disengagement to excessively fast responses, the problem
posed by low test-taking engagement to competence assessments may be underestimated. However,
identifying non-rapid or partial disengagement entails its own difficulties, with only few studies so far
having investigated the possibilities of measuring disengagement beyond rapid guessing (Nagy et al.,
2022; Wise & Kingsbury, 2022; Wise & Kuhfeld, 2021). Therefore, the majority of research on test-
taking engagement relies on the presented threshold-based and model-based methods for identifying
disengaged responses.

Since there is no perfect, one-size-fits-all approach to measuring disengaged responding, it is
crucial to carefully consider and validate the choice of method. Moreover, empirical results should be
interpreted with caution, as they are only estimates and heavily depend on the chosen identification
approach.

2.3 Accounting for Disengaged Responding in Proficiency Estimation

Because disengaged responding introduces construct-irrelevant variance to proficiency
estimates, it should be accounted for in the measurement of proficiencies. In LSAs, proficiency is
typically estimated using IRT models, which assume that item responses depend on both a person’s
proficiency and item characteristics. For instance, the Rasch (1960) model defines the probability of a
correct response, P(Yij = 1), of person i on item j as a function of the person’s proficiency 6; and the
item difficulty 8;:

_exp(6; = B)
1+ exp (6; —Bj)

P(Y;;=1) (2)

While the Rasch model is designed for dichotomous items and assumes that items differ only
regarding their difficulties, other IRT models are also suitable for polytomous items (e.g., partial credit
model, Masters, 1982) and/or include additional item parameters such as item discriminations (e.g.,
2PL model, Birnbaum, 1968). Proficiency estimates can be provided either as manifest scores (e.g.,
weighted likelihood estimates, Warm, 1989) or as plausible values. Researchers and practitioners often

rely on plausible values because they account for measurement error and complex sample designs
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(Mislevy, 1991; Wu, 2005). Their estimation is based on both (a) the measurement (i.e., IRT) model and
(b) a population model consisting of a latent regression of proficiency on background variables (Wu,
2005; see also Chapter 3.2 and Article 2).

Model-based approaches to identifying disengaged responding combine the identification of
disengagement and the estimation of proficiency in one step (e.g., by defining two different latent
variables, see Chapter 2.2), thereby accounting automatically for potential distorting effects of low test-
taking engagement. Threshold-based approaches, on the other hand, require the selection of a scoring
method once disengaged responses have been identified. One common approach is to apply listwise
deletion to examinees who were disengaged on a non-negligible proportion of items (e.g., more than
10%; also referred to as examinee-level filtering). However, Rios and colleagues (2017) demonstrated
in a simulation study that this approach led to an upward bias in competence estimates of up to 0.40
standard deviations (SD) when disengagement was related to proficiency. As a result, they
recommended accounting for disengaged responding on the response level.

A recent simulation study by Rios and Deng (2024) compared different response-level scoring
approaches and concluded that effort-moderated scoring, both with and without imputation,
performed best across conditions with small error rates and minimal sensitivity to misclassifications.
Because imputation adds computational complexity and provides similar parameter recovery to the
non-imputed approach (Rios & Deng, 2024), the non-imputing model is preferable. Effort-moderated
scoring involves recoding all disengaged responses as missing values (i.e., response-level filtering),
following the effort-moderated model (EMM) by Wise and DeMars (2006). The EMM assumes that
disengaged responses provide no meaningful information about proficiency or item difficulty. However,
even when this assumption was violated, the EMM still yielded accurate results (Rios & Deng, 2024).

Since plausible values additionally include a latent regression in the estimation of proficiency
(Wu, 2005), they provide more possibilities for scoring disengagement (see Chapter 3.2). However, no
methods have yet been proposed and evaluated to account for disengagement specifically in plausible

value estimation.
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2.4 Prevalence and Antecedents of Disengaged Responding

Because most identification methods rely on flagging responses with unusually short response
times, a large proportion of empirical research has focused on rapid guessing. Over the past two
decades, numerous studies have identified non-negligible amounts of rapid guessing across different
low-stakes assessments. Estimated rapid guessing rates vary significantly, with reported prevalences
ranging between < 1% (Goldhammer et al., 2017; Kroehne et al., 2020; Michaelides & lvanova, 2022)
and nearly 20% (Ulitzsch et al., 2020). A meta-analysis by Rios et al. (2022) based on 25 studies applying
threshold-based identification methods estimated that, on average, 7% of the responses were
classified as rapid guesses, while 28% of the test takers engaged in rapid guessing on at least one item.
Model-based approaches tend to identify even more rapid guessing, with estimated response-level
prevalences ranging between 8% and 18% (Meyer, 2010; Nagy & Ulitzsch, 2022; Pokropek, 2016;
Ulitzsch et al., 2020).

Why do the reported prevalences differ so much? First, the estimated rapid guessing rate
depends heavily on the applied identification method — that is, different estimated prevalences do not
necessarily mean that the true prevalence differs. For example, Goldhammer et al. (2017) report rapid
guessing rates that range between nearly 0% and over 8% in the same problem solving assessment
from PIAAC, solely depending on which threshold method was applied. In the meta-analysis by Rios et
al. (2022), the reported rates differed significantly between identification methods, with normative
thresholds classifying three times more rapid guessing than common-k thresholds. Furthermore,
model-based approaches seem to generally estimate disengagement to be more prevalent than
threshold-based approaches (e.g., Pokropek, 2016; Ulitzsch et al., 2020).

Second, the reported prevalence rates do not only depend on the identification method, but
also on the unit of reference. Prevalences can be reported both as the proportion of disengaged
responses per item or test (e.g., Goldhammer et al., 2016; Kuang & Sahin, 2023) or as the proportion
of disengaged test takers — that is, the number of test takers who engage in rapid guessing on a non-

negligible amount of items (e.g., Jensen et al., 2018; Kuhfeld & Soland, 2020). How this “non-negligible
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amount” is defined differs between studies, with the majority using the criterion of 10% (Rios et al.,
2022).

Third, findings from studies that use the same methods to estimate rapid guessing rates for
different assessments and samples indicate that the actual prevalence can also vary widely. For
example, estimated prevalence rates differ between countries, test domains, test settings, and
assessment modes (Goldhammer et al.,, 2017; Kroehne et al., 2020; Michaelides & lvanova, 2022; Rios
& Soland, 2022; Wise et al., 2021).

While different methodological approaches and factors at the sample and test level account
for differences in average disengagement rates, antecedents at the item and person level explain
variation within samples and tests. Identifying item-level predictors is important for designing items
that encourage examinees to invest effort into their responses. For example, rapid guessing has been
shown to occur less often in interactive and open-response format items, whereas long and complex
texts seem to induce disengagement (Avvisati et al., 2024; Michaelides & Ivanova, 2022; Rios & Soland,
2022) — a finding that provides a promising avenue for redesigning future assessments. In contrast,
person-level predictors are critical for identifying potential threats to the validity of group-based
assessment outcomes, because differential disengagement may lead to biased group comparisons.
Previous research has shown that rapid guessing depends on individual characteristics such as gender,
socio-economic status (SES), linguistic background, and ethnicity. Men, individuals with low SES, non-
native speakers, and minorities tend to be less engaged than their peers (Goldhammer et al., 2016;
Kroehne et al., 2020; Soland, 2018; Wise et al., 2021).

One particularly important finding is that less proficient individuals tend to be less engaged in
competence assessments than their more proficient counterparts. In a meta-analysis by Silm et al.
(2020), the average correlation between test performance and response-time based measures of test-
taking engagement was r = .72. However, this association can be caused by both (a) high proficient
individuals being more engaged or (b) highly engaged test takers achieving a better test score.
Therefore, studies are more informative when they examine the relationship between test-taking

engagement and competence measures that are either unaffected by low engagement or adjust for it.
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While Silm et al. (2019) report a correlation of r = .23 between test-taking engagement and previous
high-stakes test results, Rios et al. (2017) found differences of up to 1.50 SD in high-stakes test scores
between examinees who were classified as disengaged versus engaged on a subsequent low-stakes
assessment. In mixture models that account for disengagement, the estimated relationship between
test-taking engagement and proficiency ranged from r = .59 to r = .72 (Nagy & Ulitzsch, 2022; Ulitzsch
et al.,, 2020). The findings suggest that the relationship between test-taking engagement and
proficiency may be moderate to strong, highlighting the importance of using methods that account for
test-taking engagement without assuming a zero correlation between the two constructs.

To summarize, estimated prevalence rates vary greatly across assessments and identification
methods, reflecting both real differences in disengagement and methodological factors. Identifying
person-level antecedents of disengaged responding is essential for detecting potential threats to the
validity of group-based assessment outcomes and, by extension, to inequality research in education.
While some antecedents have been identified in adolescent and young adult samples (e.g., gender,
SES, linguistic background, ethnicity, proficiency; Goldhammer et al., 2016; Kroehne et al., 2020;
Soland, 2018; Wise et al., 2021), evidence from other age groups remains scarce.

2.5 Consequences for the Validity of Proficiency Estimates

When test takers are not engaged, their responses do not reflect their true proficiency, thereby
violating a fundamental assumption of competence assessment (Wise, 2017; see also Chapter 2.1).
Thus, disengaged responding may have severe consequences for the validity of proficiency estimates
derived from LSAs. If the test scores do not only reflect proficiency but also motivation, how can we
draw inferences from findings based on them? Can group differences in test scores (e.g., between
genders) truly be attributed to differences in proficiency, or were the groups just differently motivated?
Do predictors of competence estimates (e.g., SES) indeed affect proficiency, or rather test-taking
motivation?

Due to the potentially grave consequences for the interpretability of assessment outcomes,
numerous studies have investigated the effect of low test-taking motivation on proficiency estimates.

Since a relationship between test-taking motivation and test performance can also be caused by an
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underlying correlation between proficiency and motivation, it is crucial to draw upon other criteria
when evaluating the impact of disengagement. One possible approach is to compare the test
performance of high- versus low-motivated groups in (quasi-)experimental settings (e.g., by offering
one group incentives for correct responses, but the other not). A meta-analysis from Wise and DeMars
(2005) reported that across 25 effect sizes, the motivated group performed, on average, 0.59 SD (range:
—0.04 to 1.49) better than the unmotivated group.

Another approach evaluates the convergent validity of proficiency estimates — that is, to what
extent test scores correlate with external criteria that are not or barely affected by low test-taking
motivation. The correlation between test performance and high-stakes test results was, across six
studies, reported to increase by .08 to .12 (Mdn = .11) when unmotivated examinees (i.e., rapid
guessing on more than 10% of the items) were filtered from the data (Wise, 2015). Lastly, it is possible
to compare test scores estimated (a) when ignoring low test-taking engagement and (b) when
accounting for it. A meta-analysis by Rios et al. (2022) reported that aggregated test scores increased,
on average, by 0.13 SD when accounting for rapid guessing.

While these studies agree that test-taking engagement affects proficiency estimates, they
mostly focus on average score distortion. However, educational LSAs usually provide information at the
population level rather than at the individual level. Therefore, and because proficiency is defined as a
latent construct with no meaningful absolute scores, | argue that average score distortion does not
necessarily have any consequences for actual assessment outcomes such as ability comparisons,
competence development across time, or predictors of proficiency. If every individual score was
distorted to the same extent, analyses based on the estimates (e.g., correlations with other variables)
would not be affected. Therefore, low test-taking engagement should bias assessment outcomes if
proficiency estimates of different subpopulations (e.g., girls vs. boys) or at different measurement
occasions are distorted to varying degrees — that is, when differential score distortion is present.

To understand the potential effects of disengagement on assessment outcomes, it is important
to know which factors contribute to score distortion. The simulation study by Rios et al. (2017)

demonstrated that the extent of distortion depends not only on the rapid guessing rate, but also on
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test difficulty. Proficiency estimates were significantly underestimated (i.e., Cohen’s d > 0.20) when the
rapid guessing rate exceeded 6% on easy tests or 12% on moderate or difficult tests. This pattern can
be explained by the increasing distortion of proficiency estimates as the probability of a correct
response diverges between engaged and disengaged responding. Because correct-response
probabilities under engagement are higher for easier items, the discrepancy between engaged and
disengaged performance is larger in easier tests.

Studies investigating the impact of rapid guessing on actual assessment outcomes report
inconclusive findings. When applying response-level filtering (see Chapter 2.3), the effects on
achievement gap estimates (Kuhfeld & Soland, 2020; Soland, 2018), school effectiveness and summer
learning loss (Kuhfeld & Soland, 2020), as well as school rankings (Rios & Guo, 2020; Wise, 2019; Wise
et al., 2020, 2021) were minimal to non-existent, even when the disengagement rates varied greatly
between subpopulations. Interestingly, the only studies that report noteworthy effects (e.g., on
institutional rankings, teacher value added, or competence development) used examinee-level filtering
(Jensen et al., 2018; Setzer et al., 2013; Wise & Demars, 2010), a scoring method that was previously
shown by Rios et al. (2017) to distort test scores of up to 0.40 SD when proficiency and engagement
are related. These findings highlight that the effect of accounting for low test-taking engagement
reflects both the actual effect of disengagement and the effect of the scoring method itself. That is,
estimated effects may not necessarily be caused by rapid guessing but may instead be caused by
removing responses or examinees from the analyses. Nevertheless, other studies indicate that rapid
guessing may still affect item parameters (Alahmadi & DeMars, 2025), model fit (Rios & Guo, 2020),
metric measurement invariance (Rios, 2021), and score equating (Deng & Rios, 2022; Rios & Guo,
2020).

In summary, research on the impact of low test-taking engagement is still inconclusive,
highlighting the need for additional studies investigating the consequences of disengaged responding

in different contexts as well as determining its influencing factors in simulation studies.
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3 Rationale for Dissertation

Despite the large body of research on disengaged responding, important questions still remain
unanswered. This dissertation aims to contribute to the disengagement literature by addressing three
of the most consequential research gaps: (1) misclassifications in response-time based identification of
disengaged responding, (2) missing approaches of accounting for disengaged responding in plausible
value estimation, and (3) generalizability of established findings on disengaged responding to child
samples. The following paragraphs present each research gap and outline the rationale for each of the
three articles included in this dissertation.

3.1 Misclassifications in Response-Time Based Identification of Disengaged Responding

Existing detection methods of disengaged responding focus either on person-level
disengagement (e.g., self-report, person-fit statistics) or on identifying rapid guessing using item
response times (Wise, 2020). While person-level identification ignores that test-taking engagement
may not be constant throughout the test, response-time based approaches bear the risk of wrongly
classifying fast engaged responses as disengaged or slow disengaged responses as engaged (Wise,
2020). This problem highlights the need for new approaches that identify disengagement at the
response level using information beyond item responses and response times.

With the advent of computer-based assessments, process data become available to
researchers and practitioners. Goldhammer and Zehner (2017) define process data “as the empirical
data reflecting the course of working on a test item” (p. 128). Besides item response times, these data
can include much more information on the test-taking behavior of an examinee (e.g., mouse clicks,
navigation through the test, eye movements). Under the assumption that disengaged examinees differ
in their test-taking behavior from engaged examinees in more than the time they need for responding,
this additional information can be a rich source for improving the classification accuracy of
disengagement.

As of now, only few studies have investigated the potential of additional process data for the
identification of disengaged responding. Additionally, the few existing studies have mostly focused on

interactive or constructed response items (lvanova et al., 2020; lvanova & Michaelides, 2023; Lundgren
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& Eklof, 2020; Sahin & Colvin, 2020), ignoring the fact that traditional item formats such as multiple-
choice items still prevail in most competence assessments. Furthermore, only two studies (lvanova &
Michaelides, 2023; Sahin & Colvin, 2020) proposed approaches to incorporating the additional
indicators in the identification of disengaged responding. These two studies showed that the number
and type of actions in interactive and constructed response items may improve — in some cases —
threshold-based detection methods.

In summary, process data beyond item response times may improve the classification accuracy
of existing identification approaches to disengaged responding. However, research on this promising
avenue remains scarce, particularly with regard to studies that propose and evaluate approaches to
incorporating additional process data into the measurement of disengagement. Available studies focus
on improving threshold-based approaches, thereby ignoring that model-based methods with their
probabilistic approach to classification may be more suitable for accommodating additional
information on the test-taking process. Article 1 addressed this gap by evaluating the incremental value
of novel process data indicators for the identification of disengaged responding based on an established
mixture modeling approach (Nagy & Ulitzsch, 2022; Pokropek, 2016).

3.2 Missing Approaches to Accounting for Disengaged Responding in Plausible Value Estimation

Once disengaged responses have been identified, they need to be accounted for in the
estimation of competencies to ensure unbiased proficiency estimates. As discussed in Chapter 2.3,
many approaches have been proposed and evaluated to incorporate (proxies of) test-taking
engagement in item response modeling (e.g., EMM, Wise & Demars, 2006) or more complex latent
mixture models (see Nagy & Ulitzsch, 2022, for an overview). However, many LSAs provide proficiency
estimates as plausible values for the scientific community (e.g., PISA, Buchholz et al., 2022), because
plausible values combine the strengths of accounting for measurement error and for complex sampling
designs with avoiding the computational demands of latent modeling (Mislevy, 1991; Wu, 2005).

The plausible value approach argues that, as an unobservable latent construct, an examinee’s
proficiency is unknown to the researcher and should therefore be treated as missing (Mislevy, 1991;

Wau, 2005). Consequently, the approach follows the concept of multiple imputation (Rubin, 1987) by
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drawing a pre-defined number of plausible value sets from the posterior probability distribution of the
latent proficiency (Mislevy, 1991). This distribution is a function of (a) a measurement model estimating
proficiency based on the item responses, and (b) a population model consisting of a latent regression
of proficiency on background variables (Wu, 2005; see also Article 2 for a formal introduction to
plausible values). Therefore, plausible values allow for two different approaches to incorporating test-
taking engagement in their estimation process: either by accounting for it in (a) or in (b).

While Buchholz et al. (2022) suggests that including disengagement in the latent regression
suffices for accounting for its distorting effects in plausible value estimation (an approach already
implemented in PISA, Buchholz et al., 2022), to my knowledge, no previous study has evaluated this
claim. However, solely including disengagement in the latent regression may have two pitfalls. First,
this approach assumes that the information gained from the item responses are correct, that is, that
the responses in fact reflect proficiency. Second, existing approaches to handling rapid guessing have
shown that accounting for it on the examinee level can itself bias competence estimation (Rios et al.,
2017).

To summarize, no study has yet investigated to which extent plausible values can be distorted
by low test-taking engagement and which methods may reduce these biases, although they are widely
used in the LSA context and their estimation relies partly on different mechanics than common IRT
models. Therefore, to ensure unbiased proficiency estimates in LSAs, it is crucial to develop approaches
to accounting for disengaged responding in plausible value estimation. Article 2 addressed this gap by
proposing and evaluating different plausible value models that do (not) account for rapid guessing in
both a simulation and an empirical study.

3.3 Generalizability of Findings on Disengaged Responding to Child Samples

To understand early competence development and its determining factors, many LSAs include
child samples (e.g., Trends in International Mathematics and Science Study, National Educational Panel
Study). However, most findings on low test-taking engagement are based on adolescent or adult
samples. Because children differ from older individuals in their cognitive development (Piaget,

1970/2022), they may behave differently in competence assessments. For example, children’s
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increased overconfidence in their abilities (van Loon et al., 2017; Xia et al., 2024) could lead to a
stronger expectancy of success or perceived capacity. Moreover, a lack in strategic and prospective
thinking (Lombardi et al., 2017) may lead to higher perceived importance of the test. Consequently,
children’s test-taking engagement could differ from those of older individuals, raising questions about
the generalizability of findings based on other samples.

The few empirical studies that rely on child samples for investigating low test-taking
engagement suggest that disengagement may indeed depend on the age of the examinees, with rapid
guessing rates increasing throughout childhood and adolescence (Jensen et al., 2018; Kuhfeld & Soland,
2020; Soland & Kuhfeld, 2019; Svetina Valdivia et al., 2023; Wise & Kingsbury, 2022). However, these
findings are limited to U.S. samples and classroom-based settings. To gain a more generalizable
understanding of children’s test-taking behavior, it is important to replicate these results in other
regions and settings. Furthermore, no studies have explicitly tested whether the potential differences
in test-taking engagement also affect other established findings from older samples such as the
antecedents of disengagement or its impact on the validity of assessment outcomes.

Although theoretical considerations suggest that children’s test-taking behavior may differ
from that of older examinees, empirical research on disengaged responding in this age group remains
scarce. Therefore, empirical studies are required that systematically evaluate the generalizability of
established findings from adolescent or adult samples (e.g., predictors of test-taking engagement) to
child samples. Article 3 addressed this gap both by outlining theoretical considerations why children
may differ from older individuals in their test-taking engagement and by empirically investigating the
antecedents, prevalence, and impact of rapid guessing in a sample of German elementary school

students.
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4 Summary of Articles

This dissertation contains three articles that each addressed a unique aspect of disengaged
responding in educational LSAs. To facilitate understanding of the integrated discussion in Chapter 5,
the following paragraphs briefly summarize each article’s research questions, methods, findings, and
main conclusions.

4.1 Article 1: Identifying Disengaged Responding in Multiple-Choice Items: Extending a Latent Class
Item Response Model with Novel Process Data Indicators

Article 1 (Welling et al., 2024) sought to improve the identification of disengaged responding
by leveraging the potential of process data beyond item response times. Thereby, it addressed the
problem that test-taking engagement can be misclassified in response-time based approaches to
identification. The research aims were (a) to derive novel process data indicators of test-taking
engagement in multiple-choice items of reading comprehension tasks, (b) to incorporate these
indicators into an existing model-based identification method, and (c) to evaluate the incremental value
of the new indicators.

Three novel process data indicators of test-taking engagement in reading comprehension tests
were derived based on theoretical considerations: text reread, item revisit, and answer change. A text
reread was defined “as the navigation from an item page back to the corresponding text page” (p. 321),
whereas an item revisit was “the repeated navigation to an item page” (p. 321). An answer change was
defined “as changing the previously selected response option to another one” (p. 321). All three
indicators were assumed to indicate high test-taking engagement, since they reflect a thorough
interaction with the competence test.

To evaluate the incremental value of the novel indicators for accurately identifying disengaged
responding, they were incorporated into an existing model-based identification method — the
dependent latent class item response (DLC-IRT) model originally proposed by Pokropek (2016) and
subsequently advanced by Nagy and Ulitzsch (2022). In this model, the probability of belonging to the
solution behavior class is regressed on item response times (see Chapter 2.2). Three models were

proposed and compared: (1) a baseline model that included response times as the only predictor of
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engagement, (2) an extended model that included the novel indicators as additional predictors, and (3)
an interaction model that included the three indicators and all six interaction terms between the new
indicators and response time as predictors. All models were estimated based on data from a German
sample of (former) university students (N = 1,932).

Descriptive results showed that text rereads (Mdn = 35.8%) occurred more often than answer
changes (Mdn = 13.5%) and item revisits (Mdn = 5.3%). Comparing the three proposed models using
information criteria and deviance tests revealed that the extended model with the novel indicators as
additional predictors of engagement fit the data best. This model classified 13.3% of the responses to
be disengaged and estimated the correlation between proficiency and test-taking engagement to be
perfect (r = 1.00). Descriptively, more text rereads, item revisits, and answer changes occurred in the
solution behavior class than in the disengaged responding class. However, only response time and text
reread were significant predictors of test-taking engagement, with longer response times and less text
rereads indicating higher engagement. Explorative analyses revealed that the new indicators seemed
not to improve the classification accuracy of disengaged responding.

While the results partly indicate that additional process data indicators may indeed improve
the identification of disengaged responding (i.e., the model including the new indicators fit the data
best), other results were contrary to our assumptions. Although responses classified as engaged were
associated with more test interactions than responses classified as disengaged, none of the novel
indicators predicted test-taking engagement in the hypothesized direction. One possible explanation
lies in suppression effects: the novel indicators may not predict engagement beyond the effect of
response times. Furthermore, most test takers did not interact with the test interface apart from
providing a response. The variance in the new predictors may therefore be too small to meaningfully
establish an association with test-taking engagement. Additionally, we argued that test-taking
engagement and proficiency may have been to some extent confounded in the DLC-IRT model.

Article 1 makes three key contributions to the disengagement literature. First, it demonstrates
how process data from LSAs can be leveraged based on theoretical considerations. Second, it illustrates

how such data can be processed and made available for methodological research. Third, it advances
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our understanding of test-taking engagement beyond short response times, thereby contributing to
the development of more accurate methods for identifying disengagement.

4.2 Article 2: Comparing Different Approaches of (Not) Accounting for Rapid Guessing in Plausible
Values Estimation

Article 2 (Welling et al., 2026b) sought to determine (a) the threat rapid guessing poses to the
validity of plausible value estimates and (b) to what extent different approaches to accounting for it
can minimize potential biases. The article consists of three parts. First, it proposes different approaches
to account for rapid guessing in plausible value estimation. Second, it evaluates both the bias
introduced by rapid guessing and the performance of the proposed approaches in a simulation study.
Third, it illustrates the practical applicability of these approaches in an empirical study. Because
plausible values allow accurate inferences on proficiencies at the population level rather than at the
individual level (Wu, 2005), and because differential score distortion is more important for the validity
of assessment outcomes than average score distortion (see Chapter 2.5), the research questions were
addressed in the context of ability group comparisons.

In contrast to other approaches to measuring proficiency, plausible value estimation relies both
on a measurement and on a population model (see Chapter 3.2 or Article 2). Therefore, three different
approaches to accounting for rapid guessing were proposed: (1) the response-level model that accounts
for rapid guessing in the measurement model by recoding rapid guesses as missing (following the EMM
by Wise and DeMars, 2006), (2) the person-level model that accounts for rapid guessing in the
background model by including a proxy for disengagement as a predictor of proficiency (as suggested
by Buchholz, 2022), and (3) a combined model that integrates both approaches in one model.

The simulation study generated data for two hypothetic groups based on the hierarchical
mixture model proposed by Wang and Xu (2015). Three factors were systematically varied: (a) the
overall rapid guessing rate, (b) the size of the ability difference between the two groups, and (c) the
difference in rapid guessing rate between both groups. Rapid guessing was identified using two
different methods of setting response-time thresholds: the common-k (i.e., fixed) and the visual

thresholds (see Chapter 2.2).
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Both threshold methods classified engaged responses almost perfectly, but the fixed thresholds
more often misclassified rapid guesses as engaged than the visual thresholds. The distortion of ability
group comparisons due to rapid guessing was generally small (bias < 0.16 SD), but increased under
three conditions: when (i) the overall rapid guessing rate was high (15%), (ii) the achievement gap was
large (d = 1.0), and (iii) the more competent group exhibited a higher rapid-guessing rate than the less
competent group. The person-level model did not reduce the bias introduced by rapid guessing; its
performance was barely distinguishable from the model ignoring rapid guessing. In contrast, the
response-level and combined model effectively minimized the biases. However, their performance
depended on the classification accuracy of the chosen threshold method when the overall rapid
guessing rate was high: models based on the fixed threshold slightly underestimated the ability
difference, whereas models based on the visual threshold slightly overestimated it.

In the empirical study, participants (N = 478) of a reading comprehension test were divided into
two groups based on their study subject. One group exhibited more rapid guessing (3.5% using the
fixed threshold, 4.0% using the visual thresholds) than the other (1.6% using the fixed threshold, 2.2%
using the visual thresholds). However, the estimated difference in reading comprehension between
both groups (0.59 < Cohen’s d < 0.66) did not differ between any of the models accounting for rapid
guessing or the model ignoring it. The results are consistent with the simulation study under the
condition of a low overall rapid-guessing rate, a moderate ability gap, and higher rapid guessing in the
more competent group.

These findings suggest that ignoring rapid guessing in the estimation of plausible values can
compromise the validity of ability group comparisons (bias > 0.10 SD) when the overall rapid guessing
rate is high and when the more competent group exhibits more rapid guessing than the less competent
group. In contrast to Buchholz’s (2022) claim, accounting for rapid guessing only in the background
model does not seem to suffice to reduce potential biases. Instead, researchers should resolve to
account for rapid guessing in the measurement model but should also be aware that the classification

accuracy of the chosen threshold method may affect the performance of the models.
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Article 2 provides three main contributions to the disengagement literature: First, it improves
our understanding of the impact of low test-taking engagement on the validity of assessment outcomes
by reporting the first simulation study to determine the bias introduced by rapid guessing (a) in ability
group comparisons and (b) using plausible values. Second, it reports the first study to propose and
evaluate different approaches to accounting for rapid guessing in plausible value estimation,
challenging the assumption that rapid disengagement can be accounted for by incorporating
background variables in the population model (Buchholz et al., 2022). Third, it supports the findings
from a previous simulation study (Rios & Deng, 2024) that different approaches to accounting for rapid
guessing are sensitive to the classification accuracy of the chosen threshold method.

4.3 Article 3: Prevalence, Predictors, and Consequences of Rapid Guessing among Children in
Elementary School

Article 3 (Welling et al., 2026a) sought to investigate the generalizability of established findings
on rapid guessing to child samples. Specifically, it addressed the following research questions: (a) How
does the prevalence of rapid guessing change with increasing age? (b) Which person-level
characteristics predict rapid guessing in child samples?, and (c) To what degree does rapid guessing bias
ability group comparisons in child samples? Corresponding hypotheses were developed based on both
the expectancy-value theory and the demands-capacity model (see Chapter 2.1).

Due to the decreasing overconfidence (van Loon et al., 2017; Xia et al., 2024) and increasing
strategic and prospective thinking across childhood (Lombardi et al., 2017), we assumed that young
children should exhibit a high expectancy of success, perceived capacity, and importance of the test,
therefore being more engaged than older children. We further expected that boys, children with low
SES, and less proficient children should be less engaged than their peers, because (i) gender differences
in personality are already pronounced in early childhood (Slobodskaya & Kornienko, 2021), (ii) more
proficient children should exhibit an increased expectancy of success, perceived capacity, and task
enjoyment, and (iii) SES should positively influence expectancy of success and perceived capacity.
Lastly, since the impact of rapid guessing depends — among other factors — on its prevalence, we

assumed that the impact on group comparisons should increase across childhood.
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The longitudinal two-wave study used data from German elementary school students
(N =1,877) who were administered a reading comprehension and mathematics test in Grades 2 and 4.
The setting differed slightly between the two assessments because restrictions due to the COVID-19
pandemic were in place in Grade 2. Whereas the reading test was identical in both grades, the
mathematics test was not, rendering longitudinal comparisons meaningful only for the reading domain.
Rapid guessing was identified using two different threshold methods for each assessment (see Chapter
2.2). They were validated at test level based on (a) the average accuracy and score-total correlation for
responses classified as engaged or disengaged, and (b) the average accuracy plotted by response time
across all items. Proficiency was estimated twice: once when ignoring rapid guessing and once when
scoring rapid guesses as missing (following the EMM by Wise and Demars, 2006; see also Chapter 2.3).

Based on the threshold methods with the best validation criteria, 3.3% of the responses were
classified as rapid guesses in Grade 2 reading, compared to 0.5% in Grade 4 reading. Thus, the
prevalence of rapid guessing did not increase between the two grades. In the mathematics tests, 0.8%
of the responses were classified as rapid guesses in Grade 2, compared to 0.4% in Grade 4. Descriptive
results showed that boys, children with a low SES, and less proficient children indeed exhibited rapid
guessing more often than their peers. However, only engagement-adjusted proficiency was a significant
predictor of test-taking engagement. Across all four assessments, rapid guessing had no impact on
ability group comparisons between different genders or different levels of SES.

Overall, the rapid guessing rates were rather small compared to prevalences usually reported
in adolescent or adult samples. However, they varied considerably between the different assessments,
with no clear trend discernible (e.g., grade or domain-specific), suggesting that the disengagement
rates depended on a combination of test setting, administration mode, sample, and the applied
threshold method. We see two potential causes for the null effects regarding the predictors of
engagement: either the effects were too small to be statistically detectable (especially in rare events
data) or gender and SES do not strongly influence test-taking engagement in childhood. That rapid
guessing had no impact on ability group comparisons aligns with previous findings on the non-impact

of low test-taking engagement on group-based assessment outcomes.
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Article 3 contributes to the disengagement literature in three major ways. First, it explicitly
challenges the assumption that findings on rapid guessing are generalizable to child samples by
outlining theoretical considerations why test-taking engagement in childhood may differ from
adolescence and adulthood. Second, it provides first or further empirical evidence on the prevalence,
predictors, and consequences of rapid guessing in child samples. Third, it provides further evidence on
the impact of low test-taking engagement on the validity of assessment outcomes, thereby deepening

our understanding of the consequences of disengaged responding for educational LSAs.
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5 Discussion

Low test-taking engagement violates a fundamental assumption from the measurement of
competencies: that the responses of the test takers reflect their proficiency in the assessed construct.
Therefore, disengaged responding may have severe consequences for competence assessments in
educational LSAs (Wise, 2017; Wise & Demars, 2005). This cumulative dissertation enhances our
understanding of disengaged responding by addressing key research gaps regarding its identification,
modeling, and consequences across three studies. Following a brief summary of the central findings of
each article, this chapter provides an integrated discussion that highlights overarching findings,
implications, limitations, and conclusions, as well as the main contributions of this dissertation.

5.1 Summary of Key Findings

Article 1 introduced three potential process data indicators of disengaged responding in
multiple-choice items of reading comprehension tasks: text reread, item revisit, and answer change.
An empirical study found that the additional indicators only scarcely improved the classification of test-
taking engagement. Nonetheless, explorative results suggested that in the underlying mixture model,
test-taking engagement may have been at least partly confounded with proficiency, since both
constructs correlated perfectly.

The simulation study in Article 2 demonstrated that under certain circumstances, ability group
comparisons based on plausible value estimates may be biased by rapid disengagement. Furthermore,
it indicated that solely accounting for rapid guessing in the population model of plausible values may
not suffice to reduce potential biases. An additional empirical study in Article 2 illustrated that the
different approaches to (not) accounting for rapid guessing yielded comparable estimates of ability
differences, supporting recent research (Kuhfeld & Soland, 2020; Soland, 2018) suggesting that its
impact on group comparisons may be small in practice.

Article 3 provided theoretical considerations on test-taking engagement among children.
Additionally, an empirical study replicated previous findings from U.S. samples (Jensen et al., 2018;
Kuhfeld & Soland, 2020; Soland & Kuhfeld, 2019; Svetina Valdivia et al., 2023; Wise & Kingsbury, 2022)

on low rapid guessing rates among elementary school students in a German sample. The study further
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indicated that the influence of common predictors of rapid guessing (i.e., gender, SES) may not yet be
pronounced in childhood, challenging the generalizability of findings from older samples. Lastly, the
results suggested that also among children, ability group comparisons may not be distorted.
5.2 Integrating Findings Across Articles

The four studies included in the three articles of this dissertation addressed different research
qguestions, used different identification and scoring methods, and were based on both simulated and
empirical data. However, there are several findings that are consistent across multiple studies.
5.2.1 Response-Time Based Measurement of Disengaged Responding

Despite the disadvantages posed by response-time based approaches to identifying
disengaged responding (Wise, 2020), this dissertation supports previous findings indicating that
response times are indeed a strong indicator of rapid disengagement (lvanova & Michaelides, 2023;
Patel et al., 2021; Wise, 2020). Article 1 found that even in the presence of additional information on
the test-taking process, response times remained an important predictor of disengaged responding.
Although item revisits and answer changes were, descriptively, associated with higher test-taking
engagement, they possessed no incremental predictive value over and above item response times.
These results align with previous findings on additional process data indicators (Ivanova & Michaelides,
2023; Patel et al., 2021; Sahin & Colvin, 2020). Patel et al. (2021) applied a machine learning approach
to evaluate the predictive value of different process data indicators for test-taking efficiency. Even
though the authors were able to identify some additional indicators (e.g., answer change and
navigation button use), most significant predictors were related to test or item response time.
Moreover, Sahin and Colvin (2020) evaluated the incremental value of additional process data for
threshold-based approaches and concluded that the improvements in the identification of disengaged
responding were marginal. lvanova and Michaelides (2023) evaluated two different threshold-setting
methods in PISA data. While thresholds based on response times yielded satisfactory validation results
across all items, thresholds based on the number of actions on the item did not. In summary, the
incremental value of process data beyond response times for improving the classification of test-taking

engagement may be limited.
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Articles 2 and 3 relied solely on response-time based approaches for identifying disengaged
responding. Results indicated that across samples, assessments, and most threshold methods, these
approaches met pre-specified validation criteria (e.g., comparing average accuracy between responses
classified as engaged or disengaged), suggesting that they successfully identified rapid guessing.
Although these studies did not compare the performance of solely response-time based approaches
to those incorporating additional process data, they provide further empirical evidence on the
importance of response times for the identification of rapid disengagement. Furthermore, Article 3
suggested that response times can also be an indicator of rapid guessing in child samples.

However, response-time based methods are only able to identify rapid disengagement.
Whereas existing validation methods (e.g., comparing average accuracy or psychometric information
between responses classified as engaged or disengaged) can mainly determine whether all responses
classified as disengaged indeed seem to be disengaged, they cannot specify whether all responses
classified as engaged were indeed engaged (Wise, 2020; Wise & Kuhfeld, 2021). Although we know
that the average accuracy for disengaged responses should be close to chance level and the
psychometric information close to zero, we do not know the “true” average accuracy or psychometric
information of engaged responses unless the same test was administered to a comparable sample in a
high-stakes setting. We can only determine if the average accuracy and psychometric information are
higher for engaged responses than for disengaged responses. Therefore, some of the responses
classified as engaged may in reality — at least partially — be disengaged (Nagy et al., 2022; Pokropek &
Khorramdel, 2025; Wise, 2020; Wise & Kuhfeld, 2021).

But how can non-rapid disengaged responses be identified? Some approaches identify
unusually slow responses, claiming that these may represent another form of disengagement
(Pokropek & Khorramdel, 2025; Yildirim-Erbasli & Bulut, 2020). However, this confines the definition of
disengagement once more to outliers in item response times, assuming that (dis)engaged test takers
mainly differ in the time they need to provide a response. The research on process data beyond
response times, on the other hand, supposes that disengaged test-taking behavior differs in more than

processing time from engaged test-taking behavior (Nagy et al., 2022; Pokropek & Khorramdel, 2025;
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Wise & Kuhfeld, 2021; Wise & Kingsbury, 2022). Although Article 1 found, similar to Sahin and Colvin
(2020), only small to negligible incremental effects of additional process data indicators for the
identification of disengaged responding, they focused on improving the classification accuracy of
response-time based approaches. That is, while additional indicators may indeed provide only minimal
value in improving methods aimed at detecting rapid disengagement, they could still be able to identify
other forms of disengagement that are not mainly characterized by unusually short response times.
For example, data-intensive methods such as profile, sequence, or network analysis that include several
process data indicators may be able to identify different forms (dis)engagement (e.g., Jerez et al., 2026;
Lundgren & Ekl6f, 2020; Zhang & Andersson, 2023).

However, these approaches require that process data provides enough information on the test-
taking process to distinguish between engaged and (partially) disengaged responses. An important
finding from Article 1 is that this information may be — at least under some circumstances — in fact
limited, aligning with the finding by Ivanova and Michaelides (2023) that thresholds relying on the
number of actions did not accurately identify disengagement on one third of the test items. Although
the thought that additional data contains important information may be tempting, there needs to be
enough variance in the data to draw inferences based on them. However, especially in traditional item
formats such as multiple-choice questions, many test takers seem to respond to items without
interacting with the test application, thereby creating no data besides their response times. In this case,
process data can do little to inform on test-taking engagement. Even though disengaged responses may
in fact be associated with less interactions, how can we differentiate between disengaged examinees
that did not interact with the test and engaged examinees that did not interact with the test? A lack of
interaction may in fact also be an indicator of high proficiency — when | know the answer right away, |
don’t need to invoke additional information, change my answer, or re-evaluate my response. These
considerations highlight once more why response time may in fact be such a strong indicator of
disengagement: it provides the most substantial information on the test-taking process. The argument

further emphasizes the need for theoretical models that distinguish between test-taking behavior
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expected from engaged and disengaged examinees, forming a theoretical foundation for research on
partial or slow disengagement using process data beyond response times.
5.2.2 Conditional Performance of Identification and Scoring Methods

The findings of this dissertation align with previous studies indicating that the estimated
prevalence of disengaged responding depends heavily on the chosen identification method (e.g.,
Goldhammer et al., 2017). The empirical studies in Articles 1 and 3 were partly based on the same data
but used different identification methods. Whereas in Article 1, a mixture model identified 13.3%
disengaged responses, the fixed and visual threshold method applied in Article 2 classified only around
2.8% to 3.3% of the responses to be disengaged. Although the samples overlapped only partly, it is
unlikely that they differed enough to explain these stark differences.

Not only does the prevalence depend on the identification method, also the performance of
the identification methods seems to depend on test and sample characteristics. For example, Article 1
was based on a mixture model for test-taking engagement that had previously been successfully
applied in empirical settings (Nagy & Ulitzsch, 2022; Pokropek, 2016). However, explorative results
indicated that the classification accuracy of the model may have been flawed in this particular empirical
example, with proficiency and test-taking engagement being partly confounded as suggested by the
perfect correlation between the two constructs. Potential reasons for this result include differing item
formats, test composition, setting, and samples.

Similarly, Article 3 found that the performance of response-time thresholds may depend on a
combination of sample and test. While the normative threshold method performed well in the Grade
2 reading assessment, it rendered rather short response-time thresholds in the same assessment in
Grade 4. Explorative analyses revealed that this may be due to a different fit between sample and test.
In Grade 2, the test’s difficulty befitted the children’s age, whereas in Grade 4, the test was rather easy
for them. Consequently, the children responded to the items very fast, rendering the average item
response times much shorter than in Grade 2, thereby potentially impeding accurate identification of

rapid guesses.
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Moreover, the simulation study in Article 2 suggested that the performance of scoring methods
may also not be consistent but can depend on the classification accuracy of the chosen identification
method, supporting findings from Rios and Deng (2024). These results highlight that there does not

|II

seem to be a “one-size-fits-all” approach to identifying or scoring disengaged responding. Each method
combines different advantages and disadvantages, which may vary depending on the context. Because
disengaged responding is a non-observable construct, with classifications of test-taking engagement
being only estimates (see Chapter 2.2), results from empirical examples always depend on the chosen
identification method. Therefore, this dissertation supports previous claims to evaluate the
performance of identification methods on a study-to-study basis and to test the robustness of results
by estimating them based on different identification approaches in empirical studies (Goldhammer et
al., 2016; Lindner et al., 2019; Wise, 2019; Wise & Gao, 2017). Previously proposed criteria for assessing
the performance of identification methods include (a) determinability across all items (i.e., can a
threshold be set for all items or do the models converge; Wise, 2019), (b) visual inspection of bimodality
(Lindner et al., 2019), and comparing the (c) accuracy (Goldhammer et al., 2016; Wise, 2019; Wise &
Gao, 2017) or (d) score-total correlation (Wise, 2019; Wise & Gao, 2017) between responses classified
as disengaged or engaged. In simulation studies, the performance of scoring methods should be
evaluated based on different simulated classification accuracies (Rios & Deng, 2024).
5.2.3 Impact on Validity of Group Comparisons

Since the problem of low test-taking motivation is known to the research community,
researchers have tried to determine its impact on the validity of proficiency estimates and other
assessment outcomes (Rios et al., 2022; Wise, 2015; Wise & Demars, 2005, see also Chapter 2.5). To
my knowledge, the simulation study in Article 2 is the first to systematically investigate the influence
of rapid guessing (a) using plausible value estimates and (b) on ability group comparisons. Its results
indicate that rapid guessing can pose a problem for the validity of proficiency estimates if the rapid
guessing rate is high (i.e., 15%), with the impact of rapid guessing being positively associated with the
proficiency of the test takers. These findings align with those of a previous simulation study (Rios et al.,

2017) and can be easily explained based on the definition of the probability of a correct response in
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IRT models (see Equation 2 in Chapter 2.3). The proficiency estimate of an examinee should be
underestimated if (i) the probability of a correct disengaged response is lower than the probability of
a correct engaged response, and (ii) they are indeed disengaged. The magnitude of the
underestimation depends on the size of the difference from (i) and the extent of (ii).

While Rios et al. (2017) focused solely on the effect of rapid guessing on proficiency estimates,
the simulation study in Article 2 demonstrated that the validity of group comparisons can also be
impaired. In addition to the rapid guessing rate, the study identified two more factors that influence
the validity of group comparisons: the impact of rapid guessing was higher when the achievement gap
was large and when the more competent group engaged in rapid guessing more often than the less
competent group. Both factors are a logical consequence of the association between an examinee’s
proficiency and the impact of disengagement on their proficiency estimates. The larger the
achievement gap, the higher was the simulated proficiency of the more competent group, thereby
leading to an increased bias in its proficiency estimates. Similarly, a high rapid guessing rate in the more
competent group led to a stronger bias than a high rapid guessing rate in the less competent group.

Even though the simulation study demonstrated that group comparisons can theoretically be
biased by rapid guessing, the empirical studies in Articles 2 and 3 could identify no impact of rapid
guessing on group comparisons in either adults or children. These results align with findings from other
empirical studies that consistently report negligible or no effect of rapid guessing on different group-
based outcomes when applying response-level scoring methods (Kuhfeld & Soland, 2020; Soland, 2018;
Wise, 2019; Wise et al., 2020). While some studies report a large impact of rapid guessing (Jensen et
al., 2018; Setzer et al., 2013; Wise & Demars, 2010), they invariably rely on examinee-level filtering as
a scoring approach. The apparently inconsistent findings illustrate an often-overlooked methodological
issue when determining the impact of disengagement. In empirical studies, the estimated effect is
always an effect of accounting for disengagement — that is, the true effect of rapid guessing is not
directly determinable but can be approximated by comparing the results between methods ignoring
rapid guessing and methods accounting for it (see Chapter 2.5). Therefore, the estimated effect can

reflect both the true effect of rapid guessing and the effect of the scoring method. Because the
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simulation study by Rios et al. (2017) demonstrated that examinee-level filtering can bias proficiency
estimates considerably when proficiency and engagement are related, the large effects reported in
studies relying on examinee-level filtering may in fact be an effect of removing disengaged — and thus
less proficient — examinees from the data rather than of rapid guessing itself. Therefore, the impact of
rapid guessing on group-based assessment outcomes based on low-stakes proficiency estimates could
— at least in most cases — be in fact limited.

But how can this be? Given the theoretical and methodological considerations on low test-
taking engagement and its consequences for the measurement of competencies (see Chapter 2.1),
shouldn’t there be a considerable impact on assessment outcomes? To explain this rather
counterintuitive finding, | will distinguish in the following paragraphs between the impact of rapid
guessing on individual proficiency estimates, on aggregated proficiency estimates, and on group-based
outcomes based on proficiency estimates.

An individual’s proficiency estimate is biased if the probability of a correct response under
engagement differs from the probability of a correct response under disengagement (i.e., chance level),
with the size of the bias depending on (a) the magnitude of this difference (which depends on the test-
takers’ proficiency, the item parameters, and the probability of guessing the item correctly), as well as
(b) on which and how many items the examinee is disengaged (see also Wise, 2020, for a more
extensive explanation). That is, the impact of disengagement on an individual’s score is not only related
to the amount of disengagement, but also to its interplay with the test-taker’s proficiency and the
item’s difficulty. Thus, the same amount of disengagement will lead to higher biases in more proficient
test takers and easier tests, an assumption supported by the simulation study in Article 2 and by Rios
et al. (2017). Because empirical findings have repeatedly shown that disengaged responding does not
occur randomly but is in fact related to both proficiency and item difficulty, with higher proficient
individuals engaging in and easy items inducing less disengagement than less proficient test takers or
harder items (Avvisati et al., 2024; Rios et al., 2017; Silm et al., 2019), the distortion is often smaller
than expected (Wise, 2020). Therefore, the impact of disengaged responding can be rather small or —

in some extreme cases — even positive (i.e., individual proficiency estimates can be overestimated;
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Kuhfeld & Soland, 2020; Wise et al., 2020). Empirical studies focusing on the effect of low test-taking
engagement on individual proficiency estimates are rare (for an example see Rios and Soland, 2021).
However, studies comparing the relationship between low-stakes and high-stakes test results before
and after filtering disengaged examinees consistently report higher correlations for the filtered data
(Wise, 2015), indicating that individual proficiency estimates are — to some extent — distorted by low
test-taking engagement.

Because educational LSAs usually aim to provide information on proficiencies at the population
level rather than at the individual level, it is more informative to understand the potential impact of
disengaged responding on aggregated (i.e., averaged across subpopulations) than on individual
proficiency estimates. At the population level, the biases introduced by disengaged responding are
averaged across examinees. Wise (2020) argues that this aggregation provides two more explanations
for the rather small effects of low test-taking engagement. First, even though some test takers are
disengaged in low-stakes assessments (see Chapter 2.4), most test takers are not. Second, following
the arguments above, the proficiency estimates of disengaged examinees are not necessarily distorted,
because test takers tend to be disengaged when their chances of responding to an item correctly are
anyways low. Therefore, the majority of proficiency estimates should not be biased, and the ones that
are biased may not be severely or in some cases even positively distorted, thereby reducing the average
distorting effects of disengagement. Nevertheless, most empirical and simulation studies report a small
to moderate bias of disengagement on aggregated proficiency scores (Rios et al., 2017, 2022; Welling
et al., 2026b; Wise & Demars, 2005).

While these considerations explain why the impact of low test-taking engagement on
proficiency estimates may be lower than expected, they do not fully explain why the impact on group-
based outcomes such as ability comparisons or school rankings seems to be negligible (Kuhfeld &
Soland, 2020; Soland, 2018; Welling et al., 2026a, 2026b; Wise et al., 2020). As already discussed in the
introduction (see Chapter 2.5), average score distortion is not informative for determining the impact
of disengagement on outcomes in LSAs. Instead, outcomes at the population level are only distorted if

differential score distortion is present — that is, if the distortion depends on the variables included in
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the analyses (e.g., subgroups for comparisons or predictors in regressions on proficiency). This
argument goes beyond the usual assumption that differential disengagement (i.e., one group employs
more rapid guessing than the other) should suffice for biased group-based outcomes (Rios, 2021; Wise
et al.,, 2020). Based on the findings of this dissertation and of previous research, the following
paragraphs shall disentangle determining factors of differential score distortion, thereby explaining
recent null effects of low test-taking engagement on group-based outcomes.

Group comparisons are only biased if the group scores are affected to different extents,
because if the scores were distorted to equal extents, the estimated ability difference would remain
identical. If both groups are equally proficient, differential score distortion depends on (i) differential
test-taking engagement and (ii) the difficulty of the test. Group-based outcomes will be, in this case,
significantly distorted when the difference in test-taking engagement is sufficiently large based on the
test’s difficulty. Analogous to the simulation study by Rios et al. (2017), who investigated the effect of
rapid guessing on average proficiency estimates, this should be a difference of around 6 percentage
points for easy tests, and 12 percentage points for moderate or difficult tests. That is, one group needs
to exhibit 6 to 12 percentage points more disengagement than the other group for group comparisons
to be biased. Because average disengagement rates range around 7% (Rios et al., 2022), this is rather
unlikely to occur.

If the groups differ in their proficiency levels, the magnitude of the differential score distortion
depends on the combination of the group’s test-taking engagement, its average proficiency, and the
test’s difficulty. Because score distortion is positively associated with proficiency (as demonstrated in
Rios et al., 2017, and in Article 2), the average score of the more proficient group will be more distorted
than that of the less proficient group even at an equal disengagement rate. Therefore, comparisons
between groups with different levels of ability should be biased when the more proficient group
exhibits at least as much disengagement as the less proficient group, with the distortion being
positively related to (i) the test’s easiness, (ii) the overall disengagement rate, (iii) the differential
disengagement in favor of the more proficient group, and (iv) the ability difference between the groups.

The simulation study included in Article 2 demonstrated that when proficiency and test-taking
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engagement are strongly related at the individual level, the disengagement rate needs to be as high as
15% and the more competent group needs to rapidly guess more often or be far more proficient than
the less competent group in order to attain noteworthy differential score distortion. However, empirical
findings indicate that rapid guessing rates are usually much lower (Rios et al., 2022) and that proficiency
is negatively associated with engagement (Nagy & Ulitzsch, 2022; Rios et al., 2017; Silm et al., 2019,
2020; Ulitzsch et al., 2020), meaning that the more proficient group usually employs less rapid guessing
than the other group (e.g., Welling et al., 2026a, 2026b). Whereas the strength of the relationship
between test-taking engagement and proficiency at the individual level should influence the impact of
disengagement on average scores, it should not substantially affect differential score distortion
(because the correlation is equal for both groups).

These results explain why outcomes based on ability comparisons between different groups
(e.g., achievement gaps, country or school rankings) or time points (e.g., competence development)
may not be severely affected by rapid guessing. However, this does not necessarily signify that low test-
taking engagement does not have any consequences for the validity of assessment outcomes. As
discussed earlier in this chapter, all empirical findings on the impact of disengaged responding are
based on comparisons between results obtained by ignoring disengagement vs. accounting for it.
Moreover, all aforementioned studies focused on rapid guessing as an easily detectable but extreme
form of disengaged responding. Because low test-taking engagement may not always be accompanied
by short response times (Nagy et al., 2022; Pokropek & Khorramdel, 2025; Wise & Kuhfeld, 2021) and
because most identification methods are rather conservative (i.e., focus on preventing wrongly
classifying engaged responses as disengaged), many disengaged responses could go unnoticed (Kuhfeld
& Soland, 2020; Wise & Kuhfeld, 2021). Therefore, the existing empirical findings mostly demonstrate
that accounting for extremely fast responses does not have noteworthy effects on group-based
assessment outcomes. A meta-analysis synthesizing (quasi-)experimental studies estimated the
average difference in test performance between highly motivated groups and less motivated groups to
be approximately 0.50 SD (Wise & Demars, 2005). This effect size can be considered as a rough indicator

of the overall effect of low-test taking engagement on aggregated scores. Even though the impact on
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actual assessment outcomes should be smaller (see argument above), the overall effect of
disengagement may indeed be larger than previous studies assume.

Furthermore, low test-taking engagement may impact other aspects of measurement such as
item parameters (Alahmadi & DeMars, 2025), model fit (Rios & Guo, 2020), metric measurement
invariance (Rios, 2021), and score equating (Deng & Rios, 2022; Rios & Guo, 2020). No or negligible
effects were shown for differential item functioning (Abulela & Rios, 2022), reliability (Rios et al., 2022),
or other forms of measurement invariance (Rios, 2021). The inconclusive results highlight the need for
more studies systematically investigating the consequences of low test-taking engagement for the
validity of assessment outcomes. A combination of simulation and empirical studies could ensure that
method effects (i.e., removing low proficient individuals from the sample) are not mistakenly
interpreted as an effect of disengagement.

In summary, the combined results of the three articles included in this dissertation go beyond
the key findings of each article, highlighting important consequences for response-time—based
measurement of disengaged responding, the context-dependence of identification and scoring
approaches, and the validity of group-based assessment outcomes in LSAs.

5.3 Implications for Large-Scale Assessments

This dissertation entails several important implications for educational LSAs concerning the
identification of disengaged responding, the measurement of competencies, the impact of disengaged
responding on the validity of assessment outcomes, and the generalizability of established findings to
child samples.

The theoretical considerations and empirical findings in this dissertation support recent
research indicating that the validity of group-based outcomes may be less affected by rapid
disengagement than previously thought. Especially in samples with low disengagement rates (e.g.,
among children), the bias introduced by disengaged responding may be negligible to non-existent. This
would be great news for LSAs, because it would mean that most of their findings are trustworthy even
in the presence of rapid guessing. However, researchers and practitioners should still be cautious due

to several reasons. First, the simulation study has demonstrated that under certain circumstances —
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even though they may be rare in practice — rapid guessing indeed affects group comparisons. Second,
even though group-based outcomes may not be strongly impaired, other factors such as the score
equating may well be. Third, a potential non-impact of rapid guessing on group-based outcomes does
not necessarily mean that disengaged responding as a whole has no effect. Disengagement not
characterized by short response times may affect the validity of assessment outcomes, although its
impact is difficult to determine since its measurement poses great challenges to researchers.

Because the impact of low test-taking engagement on the validity of assessment outcomes can
only be reliably determined if we know which responses were engaged and which not, and because
validity may still be affected by low test-taking engagement, it is essential to accurately identify it. This
dissertation supports recent findings that even in the presence of additional information on the test-
taking process, response times remain a strong indicator of low test-taking engagement and
successfully classify fast responses that are characterized by low average accuracy as disengaged (Patel
et al.,, 2021; Sahin & Colvin, 2020). Therefore, response-time based methods seem to be reliable
approaches to identifying rapid disengagement. However, it is more difficult to determine if all
disengaged responses are indeed rapid. While this dissertation suggests that additional process data
indicators may not improve the classification of rapid disengagement substantially, they may still be
able to identify different forms of disengagement.

While it is generally known that the performance of threshold-based approaches may vary
depending on factors such as sample, test design, and test domain (Goldhammer et al., 2017; Kroehne
et al.,, 2020; Wise, 2019), this dissertation suggests that the performance of model-based approaches
may also be context-dependent. Researchers and practitioners should therefore — analogous to
threshold-based approaches — evaluate the validity of model-based approaches on a study-to-study
basis, using validation criteria such as comparing the proportion of correct responses or the score-total
correlation between responses classified as solution behavior or disengaged responding (Goldhammer
et al.,, 2016; Wise, 2019; Wise & Gao, 2017). Furthermore, results should be compared between
different identification methods to ensure the robustness of results (Goldhammer et al., 2016; Kroehne

et al., 2020).
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Once disengaged responses have been identified, they need to be accounted for in the
measurement of competencies. This dissertation demonstrates that also in plausible value estimation,
researchers and practitioners should account for rapid guessing in the measurement model. If
assessment outcomes are impaired by low test-taking engagement, accounting for it in the population
model does not suffice to reduce the biases. Because educational LSAs often provide plausible value
estimates in published data, this finding is an important step towards improving the data quality of
proficiency estimates.

Lastly, this dissertation argues that empirical results on low test-taking engagement may in fact
be age-dependent, thereby encouraging researchers and practitioners to consider the participants’ age
instead of generalizing the results across age groups when reporting or synthesizing empirical findings.
However, not only the age of the examinees affects the occurrence and consequences of disengaged
responding. Factors such as test design, assessment setting, and the fit between the test and the
sample may also influence test-taking engagement. Future studies should disentangle these different
effects to further our understanding of the contextual aspects of disengaged responding. Knowing
which factors induce low test-taking engagement can help improve the design of competence
assessments in LSAs.

5.4 Strengths, Limitations, and Outlook

This dissertation integrates theory with findings from simulation and empirical studies to
advance the understanding of disengaged responding in LSAs. By outlining theoretical considerations
both on test-taking engagement among children and on the potential non-impact of rapid guessing on
group-based assessment outcomes, it strengthens the conceptual foundation for future research. It
further advances methodological approaches to identifying and modeling disengaged responding by
forming new indicators from raw process data and by conducting the first simulation study on rapid
guessing in the context of plausible value estimation. Moreover, it provides first or further empirical
evidence on the impact of rapid guessing on the validity of group comparisons as well as on the
antecedents and consequences of rapid guessing among children using large samples from different

cohorts in a German LSA. Lastly, it ensures the validity and robustness of the findings by not only
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applying different approaches to identifying and accounting for disengaged responding, but also by
evaluating the validity of these methods on a study-to-study basis and by comparing the results
between different methods.

Despite its considerable strengths, this dissertation possesses some general limitations. First,
all articles included in this work defined test-taking engagement as (a) mainly identifiable by response
times, and (b) dichotomous in a sense that responses are classified as either engaged or disengaged.
While Article 1 softened these assumptions by allowing additional indicators to improve classification
and by using a probabilistic estimation approach, the model still postulates that test-taking engagement
influences response times and can be distinguished in two latent classes: solution behavior and
disengaged responding. However, not all disengaged responses may be fast and test-taking
engagement may not always be classifiable as either fully disengaged or engaged. In recent years,
research has emerged that investigates different forms of (dis)engagement. For example, some studies
propose using measures of performance decline as indicators of partial test-taking engagement (Wise
& Kingsbury, 2022; Wise & Kuhfeld, 2021), since the decline cannot be explained by rapid guessing
alone (Nagy et al., 2022). Pokropek and Khorramdel (2025) have demonstrated that the relationship
between response times and disengagement may be in fact quadratic, with both fast and slow
responses indicating disengaged responding. Furthermore, data-driven methods such as cluster,
sequence, profile, or network analysis have identified different forms of test-taking behavior based on
indicators stemming from self-report, response times, and additional process data (Hofverberg et al.,
2022; Jerez et al., 2026; Lundgren & Eklof, 2020; Zhang & Andersson, 2023). Building on this new
evidence, future studies should try to replicate findings from this dissertation based on broader
definitions of disengaged responding to evaluate their generalizability to test-taking engagement in
general. Furthermore, the present findings emphasize the need for theoretical models that distinguish
between test-taking behavior expected from engaged and disengaged examinees, which could form a
theoretical foundation for research on partial or slow disengagement using process data beyond

response times.
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Second, to keep the scope of the articles manageable, they each focused on one or two
approaches to identifying disengaged responding and to accounting for it in the measurement of
competencies. While the approaches were carefully selected based on their level of validation and
prevalence in the disengagement literature, other methods may still yield slightly different results.
Furthermore, this dissertation suggests that both test-taking engagement and the performance of
identification methods can be context-dependent. To ensure the robustness of the findings, future
studies should therefore replicate empirical studies included in this dissertation in other samples and
contexts and by using different methods of measuring disengaged responding. Similarly, future
simulation studies could evaluate the performance of additional scoring methods in the context of
plausible value estimation and compare them to the EMM applied in Article 2. Such simulation studies
should account for different (a) disengagement rates, (b) proficiency levels, (c) classification accuracies
of the identification methods, and (d) in the case of group-based estimands also for the interplay
between test-taking engagement and proficiency levels. To further improve our understanding of the
effect of (d), future simulation studies should also systematically vary the correlation between
disengagement and proficiency.

Lastly, all articles included in this dissertation were based on IRT models that include item
difficulties and thresholds as the sole item parameters. The empirical studies were based on data from
the National Educational Panel Study (Blossfeld & RoRbach, 2019), in which competence assessments
are designed according to the theoretical framework of the partial credit (Masters, 1982) and Rasch
(1960) models. However, some researchers and practitioners rely on IRT models that additionally
include item discrimination parameters (e.g., 2PL model, Birnbaum, 1968). While most results should
not be heavily affected, future studies could evaluate if the choice of IRT model has an impact on
findings on the interplay between low test-taking engagement and the measurement of competencies.

Even beyond its limitations, this dissertation offers possibilities for future research. To further
improve the understanding of the consequences of low test-taking engagement on the validity of
assessment outcomes, future studies should synthesize past research using systematic reviews or

meta-analyses. Moreover, additional simulation studies are necessary for explaining the circumstances
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under which different assessment outcomes are affected by disengaged responding (i.e., rapid guessing
or overall disengagement). This dissertation argues that these simulations should not only evaluate the
effect of varying disengagement rates on score distortion but also of the interplay between proficiency
and disengagement both on the person and on the group level. Lastly, new empirical studies could test
the findings from the simulation studies in different samples and contexts, thereby allowing an inclusive
perspective on the effects of test-taking engagement on the validity of assessment outcomes.

Furthermore, future research should include experimental studies that disentangle setting, test
design, and age effects on disengaged responding. While Article 3 provided evidence on rapid guessing
in child samples, results may also be influenced by a combination of setting, test design, and their
interplay with identification methods. Understanding which factors induce disengaged responding can
help to design assessments that minimize low test-taking engagement from the start — a far better
alternative to post-hoc identification and scoring. While some research on setting effects exists (e.g.,
Kroehne et al., 2020), it includes only a limited number of settings and does not take their potential
interaction with the age of the participants into account. Moreover, not only setting and design effects
may differ between different age groups, but also the performance of prevalent identification methods.
Because children seem to exhibit lower disengagement rates than older individuals, approaches that
require a substantial amount of disengagement may not converge (e.g., mixture models) or render
setting a threshold impossible (e.g., visual inspection methods) in child samples. Furthermore, children
may express low test-taking engagement differently than older test takers (e.g., by exhibiting slow or
partial disengagement rather than rapid disengagement). Future studies should therefore evaluate
existing methods of identifying disengaged responding explicitly in different age groups.
5.5 Conclusion

Combining theoretical, methodological, and empirical approaches, this dissertation advances
the literature on disengaged responding in the context of its measurement, scoring, impact, and the
generalizability of established findings to different age groups. It contributes to an improved
identification of disengaged responding by demonstrating how raw process data can be leveraged to

form new potential indicators of test-taking engagement based on theoretical considerations. Although
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the additional indicators barely improved classification accuracy, the findings emphasize the
importance of response times as a predictor of rapid disengagement and challenge the assumption
that process data generally provides sufficient information on test-taking engagement to inform new
or improve existing identification methods (Article 1). Additionally, this dissertation contributes to a
more accurate measurement of competencies by proposing and evaluating different approaches to
accounting for rapid guessing in plausible value estimation. The results indicate that incorporating test-
taking engagement in the population model does not suffice to reduce potential biases, highlighting
the need for improving existing estimation procedures in LSAs (Article 2). Findings from both simulation
and empirical studies further suggest that the impact of rapid guessing on the validity of group-based
outcomes may be smaller than often assumed (Articles 2 and 3). Furthermore, this dissertation claims
that test-taking behavior may be age-dependent, outlining theoretical considerations and (further)
empirical evidence on the antecedents, prevalence, and impact of rapid guessing among elementary
school students (Article 3).

The general discussion builds on previous research and the findings included in this dissertation
to discuss the strengths and limitations of response-time based measures of disengagement, to show
that the performance of identification and scoring methods may be context-dependent, and to provide
potential explanations for the negligible impact of disengagement on the validity of group-based
assessment outcomes. Potential avenues for future research include investigating disengagement
beyond rapid guessing, developing theoretical models for the usage of process data in the context of
test-taking engagement, systematically evaluating the consequences of rapid and non-rapid
disengagement on the validity of assessment outcomes, and conducting experimental studies to
disentangle setting, test design, and age effects of disengaged responding.

Taken together, this dissertation addressed three important yet unresolved issues in the
context of low test-taking engagement, thereby providing a more differentiated understanding of the
identification, modeling, and consequences of disengaged responding. By laying conceptual and

methodological groundwork, this dissertation provides a foundation for future research aimed at
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developing more robust, valid, and context-sensitive approaches to measuring competencies in

educational LSAs.
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Implications of these results for future research on disengaged responding with
process data are discussed.

Keywords

disengaged responding, rapid guessing, process data, item response theory, com-
puter-based assessments, multiple-choice items

Educational large-scale assessments such as the Program for International Student
Assessment (PISA; Schleicher, 2019) or the German National Educational Panel
Study (NEPS; Blossfeld & RoBbach, 2019) administer cognitive tests to provide
high-quality data on various domain-specific competences and their development
over time. Still, a potential weakness of these studies is that they are low-stakes
assessments in which the test results do not have direct consequences for the test-
takers. Test-takers might thus lack the motivation to engage properly in the test and,
consequently, respond to the items without investing their best effort, knowledge,
and ability, a behavior defined as disengaged responding (Wise & DeMars, 2005).
As disengaged responses do not reflect the ability of the test-takers, they pose a
severe threat to the validity of the assessment (Wise, 2017).

Although various methods exist to identify disengaged responding, these typically
rely either on item responses, item response times, or a combination of both (e.g.,
Pokropek, 2016; Ulitzsch et al., 2020; Wang & Xu, 2015). However, this practice
bears the risk of misclassifications if fast engaged responses are mistaken for disen-
gagement or slow disengaged responses are erroneously classified as engaged
responses. Such misclassifications can in turn introduce bias into the estimation of
item and person parameters. Therefore, additional indicators of response engagement
might improve existing approaches by classifying item responses more accurately as
engaged or disengaged. One potential source of information on test-taking behavior
that has been increasingly available with the advent of computer-based assessments
is process data, which provides a rich array of easily accessible information on the
test-taking process. Few studies have yet investigated the potential of process data
beyond item response times for the identification of disengaged responding (Ivanova
et al., 2020; Lundgren & Eklof, 2020; Patel et al., 2021; Sahin & Colvin, 2020). So
far, available studies either concentrated on response engagement in interactive items
or were rather exploratory. However, most competence tests in educational large-
scale assessments are still based on traditional item formats such as multiple-choice
questions. Furthermore, to evaluate the actual benefit of new indicators, it is essential
to compare novel identification methods with already existing ones.

The aims of this study are thus (a) to derive novel indicators of response engage-
ment from process data in a reading comprehension test, (b) to incorporate these
indicators into an existing latent class item response model based solely on item
response times, and (c) to evaluate the incremental value of the new indicators. After
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providing a brief overview of existing methods for the identification of disengaged
responding, we will introduce the dependent latent class item response model (DLC-
IRT) originally proposed by Pokropek (2016) and advanced by Nagy and Ulitzsch
(2022). Subsequently, we will present the novel process data indicators of response
engagement and derive an extended version of the DLC-IRT model. In the end, we
will evaluate the new indicators by implementing both the original and the extended
model in a sample of German university students as part of the NEPS.

Types of Test-Taking Behavior

Schnipke and Scrams (1997) assumed that test-taking behavior can be distinguished
into solution behavior and rapid guessing behavior. While solution behavior describes
a state of engagement in which test-takers invest their best effort, knowledge, and
ability into the response of an item, rapid guessing describes a state of disengagement
in which test-takers respond to an item fast and without regard for its actual content.
Although most previous research focused on rapid guessing, it is not the only possible
form of disengaged responding. Slow disengaged responses, perfunctory answers to
open format items, and item omissions can also be a consequence of disengagement
in the test-taking process (Wise et al., 2020).

Numerous studies demonstrated that disengaged responding is a serious concern
in educational large-scale assessments, with estimated prevalence rates up to 28%,
depending on various aspects such as the content domain, setting, assessment mode,
test-taker characteristics, country, or detection method (Goldhammer et al., 2017;
Kroehne et al., 2020; Nagy & Ulitzsch, 2022; Rios et al., 2022). Disengaged respond-
ing manifests itself on the item-by-person level with engagement rates varying both
between examinees and items (Ulitzsch et al., 2020). Consequently, disengaged
responding is related to both person (e.g., ability, Wise et al., 2020) and item charac-
teristics (e.g., item position, Lee & Jia, 2014). However, even though disengaged
responding might be related to the ability of the test-taker or the item difficulty, dis-
engaged responses do not reflect these properties in the same way as responses stem-
ming from solution behavior. As a consequence, simply ignoring disengaged
responding can lead to biased item and person parameter estimates (Jin et al., 2022;
Rios et al., 2017). Furthermore, it can also influence conclusions and decisions on
other aspects such as differential item functioning (DeMars & Wise, 2010) or the
speed-ability relation (Deribo et al., 2022). These findings emphasize the necessity to
identify and account for disengaged responding when using data from large-scale
assessments to address substantial research questions.

Identification of Disengaged Responding

Previous research has mainly focused on the identification of rapid guessing, a form
of disengaged responding characterized by unrealistic short item response times
(e.g., Wise, 2017). Identification methods can be generally divided into three
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different kinds of approaches: misfit-statistic-based, threshold-based, and model-
based approaches. Misfit-statistic-based methods detect aberrant behavior by analyz-
ing person-misfit statistics to identify extreme response patterns on the person level
(e.g., Marianti et al., 2014). However, these methods fall short of identifying disen-
gaged responding also on the item level. In contrast, threshold-based methods clas-
sify each item response as either engaged or disengaged (e.g., Goldhammer et al.,
2017). If the respective item response time is shorter than a previously specified
threshold, it is classified as disengaged. Disengaged responses are consequently fil-
tered from the data set (e.g., Lee & Jia, 2014; Wise & DeMars, 2006). However, this
approach requires setting either a common threshold for all items, which does not
reflect item-specific time demands on the test-takers, or separate thresholds for each
item, which may result in a cumbersome procedure especially for long tests. Since
filtering responses classified as disengaged is based on the assumption that disen-
gaged responding and ability are not related, ability estimates might be further biased
if this assumption is violated.

Model-based methods simultaneously estimate ability and response engagement in
a joint model (Pokropek, 2016; Ulitzsch et al., 2020; Wang & Xu, 2015). These mix-
ture item response theory (IRT) models define response engagement as a latent class
variable, assuming a mixed distribution for the probability of a correct response. In
the solution behavior class, the probability follows a customary IRT model, whereas
in the disengaged responding class, the probability of a correct response is indepen-
dent of the test-taker’s ability and item difficulty. Model-based approaches differ in
the way they incorporate item response times into the model (Nagy & Ulitzsch,
2022). Independent latent class IRT models assume a mixed distribution for item
response time dependent on latent class membership and thus treat response engage-
ment as an independent variable determining item response times (Ulitzsch et al.,
2020; Wang & Xu, 2015). In contrast, DLC-IRT models incorporate item response
times as a predictor of latent class membership into the model and thus treat response
engagement as a dependent variable (Pokropek, 2016). Nagy and Ulitzsch (2022) pro-
vided a common multilevel framework for both approaches and illustrated with
empirical data that both model types can indeed improve traditional IRT models
ignoring disengaged responding.

A great advantage of the DLC-IRT model is the flexibility to extend the model by
adding new predictors in the regression of latent class membership. Furthermore, it
is less computationally extensive and thus rather forgiving when adding new para-
meters to the model. Due to these reasons, the DLC-IRT model is used in this study
as the baseline model.

A Dependent Latent Class Item Response Model for Disengaged Responding

The DLC-IRT model was originally proposed by Pokropek (2016) and is based on
the grade of membership model of Erosheva (2002), which allows mixing propor-
tions on the item-by-person level. The DLC-IRT model defines a latent class variable
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C;; for person i and item j with the two latent classes solution behavior (C;;=1) and
disengaged responding (C;;=0). The latent class is defined on the item-by-person
level, allowing the proportions of the latent classes to vary between all item-by-
person encounters. The probability of a correct response P(Y;;=1) for person i on
item j follows a mixed distribution and depends on the latent class. In the solution
behavior class, the probability of a correct answer is defined by any IRT model. In
this study, we define the probability as following a Rasch model (Rasch, 1960):

exp(6; — B))
[+ exp(0 — B,

P(Y;=1|Cy=1)= (1)

where Y;; denotes the item response for person i on item j. The parameter 0; defines
the ability of person 7, and B; the item difficulty of item j. The probability of a cor-
rect response thus depends both on the ability of the examinee and the difficulty of
the item. In the disengaged responding class, however, the probability of a correct
response 1s assumed to be independent of both person and item characteristics and is
hence defined by an item-specific constant z;:

P(Y;=1|C;=0) =2z, (2)

The size of z; depends on the item type. In constructed response items, the probabil-
ity of a correct response for disengaged responding approximates zero. However, in
multiple-choice questions, the test-takers can guess the items correctly even without
investing any effort into the response. The probability of a correct response in the
disengaged responding class should thus equal the probability of a random guess,
which depends on the number of response options M; for item j. For multiple-choice
questions with only one correct response option, we define z; as:

Zj= —. (3)

Overall, the probability of a correct response for person i on item j is thus defined as:

_ exp(e,- — Bj)
Y1+ exp(@,- — Bj)

P(Y;=1)= +(1 — my) z, (4)

where 7;; defines the probability of belonging to the solution behavior class.

The probability of latent class membership for each item-by-person encounter is
regressed on the response engagement indicators. In the model by Pokropek (2016),
the only predictor in the logistic regression is the log-transformed item response time
lij:

) _ exp(a + 'yll]) (5)

PCZ"= = ,
( v 1 +exp(a+vly)
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where o defines the general intercept and vy the regression coefficient for the predic-
tor log-transformed item response time. This model assumes that item response times
indicate disengaged responding equally well for all items, represented by the general
intercept that can be understood as a general item response time threshold. However,
the average time test-takers need to spend on the completion of an item might differ
between items. Nagy and Ulitzsch (2022) thus proposed to replace the general inter-
cept in Equation 5 with item-specific intercepts for J items, incorporating the varying
time demands into the model:

J
P(Ci=1)= :

J
1+ eXP( a;d;+ %‘j)
j=1

where o; defines the item-specific intercept and d; a dummy variable indicating
whether the current item is item j. As the model is defined on one level only, the
authors call it the dependent latent class single level item response theory (DLC-SL-
IRT) model. As Equations 5 and 6 assume that persons do not differ regarding their
response speed, it is also assumed that individual test-taking speed and ability are not
correlated, contradicting several studies that suggest the opposite (e.g., Goldhammer
et al., 2016; Lee & Jia, 2014; Nagy & Ulitzsch, 2022). Therefore, Nagy and Ulitzsch
(2022) proposed a second extension of Pokropek’s model by adding the random
effect {s; to the logistic regression of latent class membership:

J
exp( a;d; + 71y+¢i>
=
P(Clj:l):

- .
1 +exp< a;d;i+ vyl + w,)
j=1

: (6)

(7)

The random effect s, reflects between-individual differences in response time
thresholds. It is normally distributed with zero mean and the variance 0\21;- In this
model, ¢; is allowed to covary with the individual ability 8,. As the random effect
introduces a second level to the logistic regression, the authors call it a dependent
latent class two-level IRT (DLC-TL-IRT) model. In the empirical sample studied by
Nagy and Ulitzsch (2022), both the DLC-SL-IRT and the DLC-TL-IRT model fitted
the data better than a simple IRT model ignoring disengaged responding. Moreover,
the DLC-TL-IRT model exhibited a better model fit than the DLC-SL-IRT model.
However, the authors did not compare the extended models to the original DLC-IRT
model proposed by Pokropek (2016).



320 Educational and Psychological Measurement 84(2)

Enhancing the Identification of Disengaged Responses with Process Data

Similar to other identification approaches, the DLC-IRT model solely relies on item
responses and item response times as indicators of response engagement, risking mis-
classifications of slow disengaged or fast engaged responses. Additional indicators of
response engagement might thus improve the DLC-IRT model. As process data offers
a rich pool of additional information on the test-taking process, it can be a major
source of novel indicators.

As of yet, only few studies have investigated the potential of process data for the
identification of disengaged responding. In Lundgren and EkI6f (2020), clusters of
process data representing test-taking strategy and effort predicted self-reported effort
and test performance in an interactive problem-solving task. Sahin and Colvin (2020)
showed that the number and type of actions could in some cases slightly improve the
response time thresholds in interactive tasks. Ivanova and colleagues (2020) found
that the number of actions in constructed response items was related to test perfor-
mance, self-reported test-taking effort, and item position. Finally, Patel and col-
leagues (2021) used a machine learning approach to predict test-taking efficiency in
a test of mixed item types. Besides measures related to test or item response time, the
number of certain actions (e.g., answer changes and navigation button use) were
identified as important features of test efficiency.

These findings indicate that process data beyond response times might indeed pos-
sess valuable information for the identification of disengaged responding. However,
the aforementioned studies focused mostly on interactive or constructed response
tasks. Although these item types are becoming increasingly popular in educational
large-scale assessments, most competence tests are still based on traditional item for-
mats such as multiple-choice questions. Furthermore, most existing studies were
rather exploratory. Therefore, this study further explores the relationship of process
data from multiple-choice items of a reading competence test with test-taking engage-
ment. We aim to derive novel indicators of response engagement and incorporate
them into a model-based approach of disengagement. In doing so, we hope to refine
existing response-time based approaches to facilitate interpretations of disengagement
and its correlates.

The Current Study
Development of Novel Indicators of Response Engagement

The novel indicators of response engagement were derived based on theoretical con-
siderations. Each indicator is defined on the item-by-person level, so they can differ
between all item-by-person encounters. Initially, all possible kinds of interactions
with multiple-choice items in reading tasks were identified. A reading test usually
consists of several tasks with a text at the beginning and subsequent items referring
to the text. The text and each item are each presented on single pages of the test.
Therefore, the test-taker can interact with the task by navigating through the pages,
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either between a text and an item page or between two item pages. In multiple-choice
items, test-takers can choose between several response options with usually only one
response option being correct. The test-taker thus can additionally interact with the
items by selecting and changing response options. Based on these considerations, we
derived three potential indicators of response engagement.

First, the test-taker can choose to navigate back to the text while working on an
item. Thus, we define the indicator text reread as the navigation from an item page
back to the corresponding text page. When the test-taker navigates back to the text, it
can be assumed that she or he has actually read the content of the item and now wants
to collect more information to be able to respond to the item. The test-taker hence
allocates resources to the item response, contradicting the definition of disengaged
responding and thus indicating solution behavior.

Second, the test-taker might navigate to an item page she or he has already visited
before. We thus define the indicator ifem revisit as the repeated navigation to an item
page. The revisit of an item might occur for different reasons. The test-taker might
(a) first scan the item and return to it later for the actual response, (b) return to a dif-
ficult item she or he was not able to solve before, (c) review an item she or he has
already responded to, or (d) navigate aimlessly through the item pages. In the first
three cases, the test-taker shows her or his will to properly engage with the item.
However, in the last case, no conclusions regarding the test-taking behavior on single
items can be drawn, as a random navigation behavior might occur either in between
engaged item responses or due to a state of disengagement. As we do not expect this
behavior to occur frequently, we assume that the revisit of an item nevertheless indi-
cates solution behavior.

Third, a test-taker might change an already provided response to an item. Thus,
we define the indicator answer change as changing the previously selected response
option to another one. An answer change might occur for three reasons. The test-taker
might (a) review the item and subsequently change their belief about the correct
response option, (b) correct an accidentally provided response, or (c) select acciden-
tally another response option. In the first two cases, the test-taker has apparently read
the item and allocated effort and knowledge into the response, indicating solution
behavior. In the third case, however, no strong assumptions regarding the test-taking
behavior can be made and thus can be seen as noise in the data.

In total, we identified three novel indicators that can be derived from process data
in multiple-choice items of a reading test: text reread, item revisit, and answer
change. All three indicators are expected to indicate solution behavior and thus con-
tradict disengaged responding.

Research Questions and Hypotheses

To evaluate the new indicators of response engagement, they were incorporated into
an extended version of the DLC-IRT model and compared with a baseline model that
only acknowledged item response times. As a potential baseline model, we
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considered the original DLC-IRT (Pokropek, 2016), the DLC-SL-IRT, and the DLC-
TL-IRT model (Nagy & Ulitzsch, 2022). The extended DLC-IRT model included
the new indicators as additional predictors in the logistic regression of the latent class
membership as defined in Equations 5 to 7. Note that the interpretation of the item-
specific intercepts d; and the random effect \5; alter when additional engagement
indicators are added to the regression. In this case, these parameters rather represent
item-specific engagement difficulties and an individual propensity to show solution
behavior, respectively.

We expected the new indicators to enhance the baseline DLC-IRT models by
improving the classification of response engagement. In the new model, we assumed
item response time to be a significant predictor of latent class membership, replicat-
ing the findings of Pokropek (2016) and Nagy and Ulitzsch (2022). However, we did
not expect all auxiliary indicators to be equally informative. Specifically, we
expected the indicator item revisit to be at least partly redundant with item response
times, as revisiting the item page simultaneously extends the item response time by
the time of the additional visit. Instead, we expected the indicators answer change
and fext reread to be more informative and thus the only significant new predictors
of latent class membership. We hence propose the following hypotheses:

1. The extended DLC-IRT model describes the observed responses better than
the best baseline model.

2. The indicators item response time, answer change, and text reread predict
latent class membership, so that responses are more likely to be classified as
solution behavior when test-takers need more time for the response, change
their answer, or reread the text.

3. The indicator item revisit does not predict latent class membership over and
above item response time.

The relationship between response engagement and its indicators might not solely be
linear. For example, the indicators might only improve the classification of response
engagement when response times are long enough that the test-takers could have
read and processed the item. To allow also for nonlinear effects, we also propose a
second extension of the DLC-IRT model by further introducing interactions between
the indicators as additional predictors in the logistic regression. As this extension is
exploratory, we include all six possible interaction terms in the regression but have
no specific a priori hypotheses.

Method
Sample

This study used a subsample from the student cohort in the NEPS, which assesses com-
petence development and educational trajectories across the life span (Blossfeld &
RoBbach, 2019). In Wave 12, reading competence was assessed in a quasi-experimental
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design, with the sample being split between a computer-based, proctored and a web-
based, unproctored test setting. To avoid setting or mode effects, only the data of the
web-based test was used. The 1,932 participants (59.4% female) were aged from 23 to
59 years (M = 28.06, SD = 3.59). The majority identified German as their native lan-
guage (94.9%) and was employed at the time of assessment (85.8%).

Instruments and Measures

Test of Reading Comprehension. The test of reading comprehension in German was
developed specifically for the NEPS (Gehrer et al., 2012) and included five reading
tasks. Each task consisted of a short text and a respective item set referring to this
text. The test comprised a total of 21 items with different response formats. However,
for the present analyses, only the 14 simple multiple-choice items were used. Each of
these items included four response options with one correct solution and three
distractors.

After a standardized instruction, the main part of the test allowed participants to
navigate within each task, but not between different tasks. Each text and each item
was presented on different pages (only very long texts were presented on two consec-
utive pages). Navigation between different pages within a task was possible by either
selecting the forward or backward button on each page or by clicking on a specific
page name in the navigation panel. Thus, all text and item pages could be visited
several times. The tasks could be finished by selecting the forward button on the last
page of the task. However, participants were then asked if they definitely wanted to
leave the task, as they were unable to return to it later. Response options of the
multiple-choice items could be selected by a mouse click on the respective radio
button.

Indicators From Process Data. Process data were continuously logged while the partici-
pants took the test. Mouse clicks, the selection of buttons, and the use of the naviga-
tion panel were each logged with a corresponding time stamp. This study includes
only navigation and response option selection events (N = 85,848). Preliminary anal-
yses revealed that several participants navigated through the test using only the for-
ward and backward buttons. This resulted in numerous navigation events that did not
reflect the participants’ intention to stay on the selected test page but rather occurred
as intermediate navigation steps. These irrelevant navigation events prevent an accu-
rate assessment of some of the response engagement indicators and were thus filtered
from the data, resulting in a new sample of 71,070 log events. More information on
the implementation of the navigation filter and the exclusion criteria can be found in
the Supplementary Material.

The four disengaged responding indicators were each defined on the item level.
Item response time was defined as the time the participant spent in total on the respec-
tive item page. To determine the item response times, the time interval for each page
visit was calculated. The start of the time interval was defined as the click on a navi-
gation button that led to the respective item page and the end was defined as the click
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Table 1. Frequency Distributions for New Indicators of Response Engagement.

Indicator Frequency

0 I 2 3 >3
Answer change 21,642 2,224 1,017 182 63
Text reread 16,875 4,933 2,024 784 512
Item revisit 23,440 1,521 145 17 9

on a navigation button to leave the respective item page. If a participant visited the
page several times, the item response time was defined as the sum of all page visit
time intervals. As the distribution was heavily right-skewed, the log response time
was used for the analyses.

An answer change was registered each time when a participant had already selected
one response option before and, subsequently, selected another response option within
the same item. A fext reread was defined as navigating from the respective item page
to a text page. An itfem revisit was registered when three conditions were met. First,
the participant navigated to the respective item page. Second, it was not the first visit
to this item page. Third, between the last and the current visit of the item, at least one
other item was visited (to distinguish text rereads from item revisits). The frequency
distributions of the three new indicators are given in Table 1. As all indicators were
severely skewed, they were dichotomized for the analyses (1 = occurred at least once,
0 = did not occur).

Statistical Analyses

Data preparations, descriptive analyses, and visualizations were conducted in R
(Version 4.0.3/4.2.2; R Core Team, 2021), whereas the IRT models were estimated
in Mplus (Version 8.4; Muthén & Muthén, 1998-2017). Although the scored test data
are provided at NEPS Network (2022), the process data cannot be made publicly
available due to legal restrictions. However, the computer code and analysis results
are provided in the Supplemental Material.

We fitted six different IRT models to the data, beginning with a Rasch model that
ignored disengaged responding. Then, the original DLC-IRT model, the DLC-SL-
IRT model, and the DLC-TL-IRT model as defined in Equations 1 to 7 with item
response time as the only indicator of response engagement were estimated as poten-
tial baseline models. The models were compared using Akaike’s Information Criteria
(AIC; Akaike, 1974), Bayesian Information Criteria (BIC; Schwarz, 1978), and sam-
ple size adjusted BIC (aBIC), as well as log-likelihood ratio tests. The best fitting
model was used as the baseline model for further analyses.

As fifth model, the baseline model was extended by adding the three new dichoto-
mized response engagement indicators as additional predictors in the regression of
latent class membership. In the sixth model, all possible interaction terms of the four
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indicators were added as further predictors to the same regression. Both extended
models were then compared with the Rasch and baseline model using information
criteria and deviance tests.

All models were implemented as defined in Equations 1 to 7 by adapting the Mplus
syntax provided in the Supplementary Material of Nagy and Ulitzsch (2022). The
probability of a correct response followed a Rasch model in the solution behavior
class, but was set to chance level (25%) for all items in the disengaged responding
class. When the item response time didn’t exceed zero seconds (r = 1,934), which only
occurred in combination with a missing item response, all four process data indicators
were defined as missing. As small numbers of missing responses do not introduce
severe parameter bias in IRT models (Rose et al., 2010), missing data were ignored in
the analyses. Starting values were set to 80/8 and increased to 250/25 when the best
loglikelihood had not been replicated. All models were estimated using the marginal
maximum likelihood procedure. Entropy as an index of classification accuracy
(Asparouhov & Muthén, 2018) is reported for each model. Because previous research
suggests that the probability of correct guesses may indeed exceed what should be
expected by chance alone (e.g., Ulitzsch et al., 2021), we re-estimated in a sensitivity
analysis the best fitting model with equal, but not fixed item difficulties in the disen-
gaged responding class, and report the results in the Supplementary Material.

Results
Descriptive Results

The mean item response times (ranging from 17.35 to 36.24 seconds, Mdn = 27.77)
and the proportions of participants who changed their answer at least once (ranging
from 8.5% to 20.7%, Mdn = 13.5%) differed only slightly between items (see Table
2). We observed more pronounced differences for the proportion of correct answers
(ranging from 29.8% to 83.8%, Mdn = 52.9%) and the percentage of participants who
reread the text (ranging from 5.7% to 68.2%, Mdn = 35.8%) or revisited the item at
least once (ranging from 1.0% to 14.0%, Mdn = 5.3%). Although all four indicators
correlated moderately with each other (see Table 3), we did not observe substantial
multicollinearity. The largest correlation resulted between the log item response times
and the dichotomized text rereads (» = .30, p < .001).

Baseline Models for Disengaged Responding

In the first step, the baseline model for disengaged responding was identified. To this
end, we compared the ordinary Rasch model that does not acknowledge disengaged
responding, the DLC-IRT with a common intercept for all items, the DLC-SL-IRT
with item-specific intercepts, and the DLC-TL-IRT with an individual threshold for
response engagement (see Table 4). Importantly, the three DLC models only included
item response time as a predictor of class membership. Because the DLC-SL-IRT
model was empirically underidentified when considering unique intercepts for all
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Table 2. Descriptive Results Per ltem.

Item  Item-by-person  Response Item Answer  Text Page Probability
encounters time responses change reread revisit to belong to
the solution
behavior class
N M (SD) Percentage At least Atleast At least
correct once  once  once
I 1,930 30.17 (28.09)  70.7% 15.1% 68.2% 14.0% 89.8%
2 1,928 36.24 (18.58)  64.8% 18.6% 49.5% 11.9% 86.7%
3 1,928 27.87 (15.77)  32.9% 12.4%  55.9% 5.0% 43.5%
4 1,898 26.06 (18.27) 83.8% 20.7% 11.0%  4.4% 97.8%
5 1,900 21.67 (12.85) 49.9% 11.7% 5.7% 2.9% 95.9%
6 1,872 27.67 (14.62) 54.1% 14.6% 40.3% 10.4% 96.9%
7 1,867 21.03 (12.74)  50.0% 15.4% 7.3% 9.6% 67.3%
8 1,856 29.85 (17.64)  382% 16.9% 40.0% 11.7% 96.4%
9 1,849 33.03 (17.53) 71.2% 85%  8.3% 9.3% 96.5%
10 1,808 27.36 (13.68)  39.5% 12.1%  36.1% 1.4% 96.1%
I 1,733 32.55(27.07)  51.6% 15.1%  35.5% 1.2% 68.9%
12 1,617 3244 (17.80) 63.6% 9.7% 18.7% 1.0% 94.9%
13 1,464 22.34 (12.32)  29.8% 11.7%  28.8% 5.6% 93.7%
14 1,413 17.35 (12.23)  69.9% 9.8% 57.1% 3.3% 94.8%

Table 3. Correlations Between Indicators of Response Engagement and Item Responses.

Variable M SD I 2 3 4
|. Item response 0.55 0.50

2. Response time 3.16 0.59 .08k

3. Answer change 0.14 0.35 -0l 23k

4. Text reread 0.33 0.47 01* ] oo 2%k

5. Page revisit 0.07 0.25 .00 | g 6% J0**

Note. Presented are Pearson correlation coefficients. Response time refers to logarithmized response

time.

*p < .05. **p < .0l. ***p < .001.

items, item-specific intercepts were identified using a sequential process. First, a
model was estimated for each item that included a general intercept and the respec-
tive item-specific intercept. Then, this model was compared with the DLC-IRT model
without the item-specific intercept. Only those item-specific intercepts were retained
for which model comparisons provided a better fit to the data. In the end, the DLC-
SL-IRT model comprised a general intercept and item-specific intercepts for Items 1,
2,3,7, 11, and 14. The model comparisons showed the best fit for the DLC-TL-IRT
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Table 5. Results of Hierarchical Linear Modeling.

Parameter Estimate SE t P

Within level
General intercept -21.52 4.65 —4.63 <.001
Intercept Item | —6.34 1.57 —4.04 <.001
Intercept Item 2 -9.83 2.16 —4.56 <.001
Intercept ltem 3 —-13.93 2.74 -5.08 <.001
Intercept Item 7 —8.43 1.78 —4.74 <.001
Intercept Item | | —-13.17 2.76 —4.77 <.001
Intercept Item 14 3.92 2.21 1.78 .076
Item response time [1.26 228 4.94 <.001
Answer change —0.76 0.79 —0.96 339
Text reread —2.60 0.79 -3.30 .001
Item revisit —-1.43 1.0l -1.42 .156

Between level®
Variance of {j; 7.26 3.69 1.97 .049
Covariance between {; and 6; 2.69 0.68 3.94 <.001
Correlation between {; and 6; 1.00 0.01 68.94 <.001

Note. {s; defines the individual threshold for response engagement and 6; the individual reading
proficiency of person i.
®The variance of 0; was fixed to | for identification.

model with six item-specific intercepts and a random effect for the individual speed.
This model was therefore used as the baseline model for the subsequent analyses.

Extended Models for Disengaged Responding

As compared with the baseline model, the loglikelihood ratio test and the AIC indi-
cated a better fit of the extended DLC-IRT model that included the main effects of
the new indicators of response engagement and also the extended DLC-IRT model
that additionally included the respective interactions (see Table 4). Moreover, both
criteria slightly favored the most complex model also including interactions. In con-
trast, the aBIC slightly favored the extended model without interactions, while the
BIC slightly favored the baseline model over both extended models. Given the mixed
results, we selected the simpler model without interactions for the subsequent analy-
ses (=extended model), thus supporting Hypothesis 1.

The entropy of the extended model was 0.87 and the average probability for item
responses to be classified as solution behavior based on the posterior probability dis-
tribution was 86.7%. However, as can be seen in Table 2, this probability differed
strongly between items. Item 3 exhibited an average probability of 43.5% and Item 4
exhibited an average probability of 97.8% for item responses to belong to the solution
behavior class. More items were responded correctly (60.2%) and participants needed
longer to respond to an item (M = 29.67 seconds, SD = 17.93) in the solution behavior
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class than in the disengaged responding class (19.4%, M = 14.15 seconds, SD = 8.07).
Furthermore, participants more often changed their answer (14.8%), reread the text
(33.7%) and revisited the item (7.2%) in the solution behavior class than in the disen-
gaged responding class (7.8%, 26.0%, and 3.2%, respectively).

The item-specific intercepts for Items 1, 2, 3, 7, and 11 were significant (p < .05),
with a smaller probability to be classified into the solution behavior class for these
items (see Table 5). The variance of the random effect for the individual speed was
significant (Var = 7.26, p = .049) and correlated perfectly with the latent reading abil-
ity (r =—1.00, p < .001). However, this result should be interpreted only carefully as
the standard error of the variance of the random effect was rather large (SE = 3.69).
Item response time and text reread were significant predictors of latent class member-
ship. The longer a participant needed for an item response, the higher was the prob-
ability that this item response belonged to the solution behavior class (B = 11.26,
p < .001). In contrast to our expectations, rereading the text while working on an
item was associated with a higher probability of being disengaged (B = —2.60,
p =.001). The other indicators were no significant predictors of latent class member-
ship. Hypothesis 2 could thus only be partly confirmed for the predictor item response
time, while Hypothesis 3 was supported by the results.

One of the assumptions of this study was that the new indicators of response
engagement can improve the DLC-IRT model by reducing the error rates of the (dis)-
engagement classification, as slow disengaged or fast engaged responses might be
misclassified when item response time is the only predictor of latent class. Figure 1
displays the distribution of item response times by latent class membership for both
the baseline and the extended model. As the item response time distributions look
basically the same for both models, the new indicators do not seem to substantially
reduce the error rates of engagement classification.

A second assumption of this study was that the new indicators of response engage-
ment can reduce the bias in person and item parameters by improving the prediction
of latent class membership. As can be seen in Figure 2, the competence estimates
were systematically underestimated in the Rasch model when participants tended to
respond in a disengaged manner. However, the figure does not show any systematic
difference in competence estimates between the baseline and the extended model.
The item difficulties are displayed in the Supplementary Material. Figure 3 indicates
that the Rasch model overestimated item difficulties for some of the items (notably
the items for which item-specific intercepts were included in the model). However,
no major changes in item difficulties between the baseline and the extended model
could be observed. The new indicators of response engagement thus do not seem to
substantially reduce bias in the person or item parameters.

Discussion

Because disengaged responding poses a serious threat to the validity of educational
large-scale assessments, various methods have been proposed to identify them and
correct for their distorting influence. Most of these approaches rely solely on item
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Figure |. Distribution of Item Response Times by Latent Class and Response Engagement

Model.

responses and item response times (e.g., Pokropek, 2016; Ulitzsch et al., 2020; Wang
& Xu, 2015), while ignoring potentially useful information on the test-taking process
provided by additional process data. To further enhance our understanding of test-
taking behavior, this study derived novel indicators of response engagement from
process data and evaluated whether they improve model-based identification
approaches of disengaged responding. In a sample of German university students, an
application of the extended latent class item response model including the three new



Welling et al. 331

A Rasch - Baseline
2
T l;. #
B TR |
: D bl
2 . 3111
© 0 . = . = $ % ﬁ .“o L] ili
@ *s L RLE L. Average probability
=} i ¢ ol o f . of showing solution
@ t . o d1¥] behavior
T 4 ,,éf =% 1.00
= Jak 0.75
'.“ o g 0-50
gy 0.25
ey — %
-2 -1 0 1 2
Theta (Rasch model)
B Baseline - Extended

Average probability
of showing solution

behavior
m 1.00

0.76
0.50
0.25

1 2

Theta (extended model)
: o

) -1

0
Theta (baseline model)

Figure 2. Comparison of Proficiency Estimates Between the Rasch, Baseline, and Extended
Model.

indicators as additional predictors of response engagement led to three central
findings.

In line with Hypothesis 1, the extended DLC-TL IRT model that included the
new indicators showed a better fit as compared with a model with response times
alone, supporting the finding of previous studies that process data beyond response
time might indeed provide valuable information on response engagement (Ivanova
et al., 2020; Lundgren & Eklof, 2020; Patel et al., 2021; Sahin & Colvin, 2020).
However, a closer inspection of the results revealed that only item response times
and text reread predicted response engagement while answer change and item revisit
did not. Supporting Hypothesis 2, shorter item response times were associated with a
greater likelihood of disengaged responding, thus replicating numerous previous
studies on disengaged responding (e.g., Pokropek, 2016; Ulitzsch et al., 2020; Wang
& Xu, 2015).). Similar to the findings of Patel and colleagues (2021), the result
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further indicates that also in the presence of other process data indicators, item
response time stays a principal indicator of response engagement. Moreover, it sug-
gests that item response time is a valid indicator of response engagement also in
unproctored settings when test-takers can engage in other activities while working on
the test or even choose to temporarily leave the test.

Over and above this effect, rereading the text while working on an item predicted
the probability of disengaged responding. Although the direction of the effect was in
contrast to our initial hypotheses, this might reflect a suppression effect. Text rereads
were moderately correlated with item response times and thus the information gained
from this indicator is partially redundant with the information gained from item
response time. The descriptive results support this assumption, since the percentage
of text rereads was lower for disengaged item responses than for engaged item
responses. However, text rereads seem to further distinguish between disengaged
responding and solution behavior after conditioning on the item response times. In
this case, text rereads might help to identify disengaged test-takers that navigate back
to the text page rather aimlessly instead of directly guessing the item at hand.
Finally, the two remaining indicators, answer change and item revisit, showed no
incremental contribution to the prediction of latent class membership. This is likely a
consequence of the restricted range of these indicators because both behaviors were
rarely observed and, thus, provided little information about the test-taking process.
Furthermore, these indicators were once more redundant with the information gained
from the item response times. Taken together, the results highlight that indicators
derived from process data can inform about response engagement. But whether the
information they provide is relevant beyond response times strongly depends on the
specific indicator.
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Despite the relevance of text rereads for the prediction of response engagement,
we found no systematic bias in students’ reading proficiencies or item difficulty when
not accounting for the additional indicators of response engagement. Furthermore,
histograms of item response times by latent class revealed no visible classification
differences between the models for both slow and fast item responses. These results
contradict our assumption that the novel indicators might be able to improve the clas-
sification of (dis)engaged responses in cases where item response times do not suffice
as the only indicator (e.g., fast engaged and slow disengaged responses).

Accuracy of Response Engagement Classification

In the extended model, the probability of showing solution behavior varied drastically
between items, with one item even exhibiting a probability of less than 50%. In other
model-based approaches, however, prevalence rates per item do usually not fall
below 76% (e.g., Nagy & Ulitzsch, 2022; Ulitzsch et al., 2021). Moreover, response
options in the disengaged responding class were selected with differing frequency
(rates ranged between 1% and 67%), instead of being equally distributed, as should
be expected for random guesses. Frequently selected response options were mostly
wrong response options, indicating rather strong distractors than random guessing.
This assumption is supported by the fact that, averaged over all items, the probability
of a correct response in the disengaged responding class was estimated to be less than
chance level. Freeing the item difficulties of the disengaged responding class in the
sensitivity analysis resulted in an even lower probability of a correct response for dis-
engaged responses. Furthermore, graphical analyses revealed that also numerous slow
responses were classified as being disengaged, both in the baseline and extended
model. Finally, the individual threshold for response engagement exhibited a nearly
perfect correlation with reading proficiency. Although response engagement and abil-
ity were repeatedly shown to be related, the size of the correlation is usually esti-
mated to range between .25 and .70 (e.g., Goldhammer et al., 2016; Ulitzsch et al.,
2021). This suggests rather limited evidence for individual differences in the thresh-
old for response engagement in the present sample. After all, the respective random
variance was only borderline significant. Consequently, the respective correlation
should be interpreted only carefully.

These findings indicate that in the present response engagement model, more
responses were classified as disengaged than should be expected when the assump-
tion that disengaged responses are equal to random guesses were true. Thus, also
responses that were provided with little or decreasing effort or engaged responses of
low-ability test-takers might have been classified as disengaged. As rereading the
text predicted disengaged responding, ‘‘disengaged’’ test-takers seem to have started
solving an item and reread the text to find the correct answer, but might not have
perceived the correct response in the end. The strong correlation between reading
proficiency and response engagement further suggests that these two constructs were
to some degree confounded in the dependent latent class item response model of this
study.
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Since these results were also found (though sometimes a bit extenuated) in the
baseline model, they are not explainable by the model extension alone. In contrast to
Nagy and Ulitzsch (2022), the present study implemented the response engagement
model in multiple-choice questions instead of open-end questions. The DLC-TL-IRT
model might thus have difficulties distinguishing between disengaged wrong guesses
and engaged wrong answers when the success probability of disengaged responses
does not approximate zero. However, also the setting, the test, and the sample dif-
fered between the two studies. Whether one of these factors might have influenced
the outcome as well, can only be answered by future studies testing the applicability
of the DLC-TL-IRT model in different conditions.

Implications for Educational Large-Scale Assessments

The results emphasize the importance of item response time as an indicator of
response engagement while estimating the incremental value of the selected addi-
tional process data indicators as rather weak. One possible explanation for this find-
ing is that the vast majority of disengaged responding might indeed be rapid guessing
(as suggested by Wise et al., 2020), rendering item response times a sufficient single
indicator of response engagement. However, even if disengaged responding beyond
rapid guessing did exist, the additional process data indicators might simply not pro-
vide enough information on the test-taking process to improve the classification of
response engagement. Combining or rearranging the selected indicators (e.g., by
clustering) or including other process data (e.g., mouse or eye movements) as poten-
tial indicators might improve the explanatory power. However, the results could also
indicate that process data might generally possess only weak explanatory power for
response engagement in multiple-choice items, as only little interaction between the
test and the test-takers takes place. Future studies should thus systematically investi-
gate the predictive value of different process data indicators for response engagement
in multiple-choice items, while also taking into account other measures of disengage-
ment (e.g., self-reports).

Our findings suggest that the DLC-TL-IRT model did not only classify random
guesses as disengaged. We see two different explanations for this finding. First, item
responses might not simply be classified as either engaged or disengaged, but some
intermediate steps or continuum might exist which are confounded with the ability in
the test domain. A. Pokropek (personal communication, July 14, 2022) therefore sug-
gested adding a slow guessing latent class to the DLC-IRT model. This latent class
includes all responses of test-takers who first try to solve the item but then give up,
resulting in long item response times and interactions with the item (e.g., rereading
the text). Second, the result might also indicate that the DLC-IRT model does not
function in multiple-choice items as well as in open-end item formats. Future studies
should thus further investigate the applicability of the different DLC-IRT models to
tests with multiple-choice items and compare it to other existing identification meth-
ods of disengaged responding. In addition, it might be insightful to include a third
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response engagement class in the DLC-IRT models and compare it to models with
only two latent classes.

Strengths and Limitations

This study contributed to the literature on disengaged responding in several ways.
On one hand, it is one of rather few attempts to evaluate the potential of process data
beyond item response times for the identification of disengaged responding and, thus,
deepens our understanding of influential test-taking behavior affecting outcomes of
reading comprehension tasks. On the other hand, the study not only investigated the
validity of a model-based approach for the identification and handling of disengaged
responding, but also built on these prior developments to improve existing methods.
Therefore, the results of this study can help to further minimize the threat to test
validity introduced by disengaged responding.

Besides its considerable strengths, the study also possesses some limitations. First,
for reasons of practicability, we chose a study with a rather homogeneous sample and
a rather short test. Because previous studies showed that age, educational attainment,
and country can be associated with disengaged responding (e.g., Goldhammer et al.,
2016; Lindner et al., 2019), more representative samples might identify more disen-
gaged responses and, thus, stronger effects for the novel indicators. Second, the
extended model included only one random effect for all four response engagement
indicators. By not accounting separately for individual differences in the indicators,
the model ignores potential relationships between the indicators on the person-level
(which do exist; e.g., Bezirhan et al., 2021). Future studies could handle this problem
by including random slopes in the model. However, random slopes are computation-
ally intensive and thus could lead to non-identified models. Third, item properties
were not included in the present study as potential indicators of response engage-
ment. Previous studies have shown that disengaged responding is indeed related to
item parameters such as item position (Goldhammer et al., 2016) and item content
(Rios & Soland, 2022). Fourth, the indicator item revisit might not have been very
reliable. As outlined in the Supplementary Material, we filtered irrelevant navigation
events to enable the determination of reliable indicators. However, the filter might
not be perfect and thus result in falsely identified item revisits, obscuring potential
relationships with other variables.

Future studies might thus include additional parameters to the DLC-IRT models,
further explaining the complex relationships between the indicators and adding new
explanatory variables. Other promising future directions of research could be to test
the generalizability of the current findings by applying them to other item formats or
other test domains. All three process data indicators can also be defined for other item
formats such as complex multiple-choice tasks and text enrichment tasks, although
the indicator answer change might have to be slightly altered. As test-takers interact
more with the test items of other formats, the additional indicators might convey
more information on the test-taking process in these cases. Similarly, the process data
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indicators can mostly be transferred to other test domains, such as mathematics or for-
eign language tests. Naturally, the indicator text reread only applies to tests with an
initial text or task description and respective item sets.

Conclusion

The advent of computer-based assessments offers with process data a wide array of
new information on the test-taking process. Nonetheless, studies investigating the
potential of process data for the identification of disengaged responding are still rare.
To fill this gap, this study sought to identify new process data indicators of response
engagement in multiple-choice items and determine their predictive value. Three new
potential indicators were introduced: answer change, text reread, and item revisit. In
an empirical study, a DLC-IRT model with item response time as the only predictor
of response engagement was compared with a DLC-IRT model additionally including
the new indicators. The results suggest that the incremental predictive value of the
new indicators is weak, while short item response times stay an important indicator
of disengaged responding. Counterintuitively, text rereads seem to be associated with
disengaged responding for equal item response times. However, further findings also
indicate that in the present study, the DLC-IRT model does not only identify random
guesses as disengaged but also presumably engaged but wrong answers. Future stud-
ies shall investigate whether this generally applies to tests based on multiple-choice
items. Overall, this study contributes to the literature on disengaged responding by
enhancing our understanding of test-taking behavior and further improving existing
identification methods, thus minimizing the threat to test validity introduced by disen-
gaged responding in the first place.
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Abstract

Educational large-scale assessments provide information on ability differences
between groups, informing policies and shaping educational decisions. However,
some of these differences might partly reflect variations in test-taking motivation
rather than in actual abilities. Existing approaches for mitigating the distorting effects
of rapid guessing focus mainly on point estimates of abilities, although research
questions often refer to latent variables. The present study seeks to (a) determine
the bias introduced by rapid guessing in group comparisons based on plausible value
estimates and (b) introduce and evaluate different approaches of handling rapid
guessing in the estimation of plausible values. In a simulation study, four models were
compared: (1) a baseline model did not account for rapid guessing, (2) a person-level
model incorporated rapid guessing as a respondent characteristic in the background
model, (3) a response-level model filtered responses with item response times
lower than a predetermined threshold, and (4) a combined model merged the
person- and response-level approaches. Results show that the response-level and
combined model performed best while accounting for rapid guessing on the person
level did not suffice. An empirical example using data from a German large-scale
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Educational large-scale assessments (LSAs) are designed to evaluate domain-
specific competencies and their differences across relevant groups such as coun-
tries, educational institutions, or gender. Prominent LSAs like the Programme for
International Student Assessment (PISA), Programme for the International
Assessment of Adult Competencies (PIAAC), and Trends in International
Mathematics and Science Study (TIMSS) typically use plausible values (PVs) to
account for measurement error and correct for sampling design in the estimation
of abilities to provide unbiased estimates of population parameters (e.g., Mislevy,
1991; Wu, 2005). Thus, they enable valid inferences about populations and sub-
groups, rather than providing precise estimates of individual abilities, making
them a cornerstone of LSAs.

LSAs are typically low stakes because test results do not have direct conse-
quences for the participants. Consequently, some test-takers may lack sufficient
motivation or exert minimal effort when completing these tests, leading to rapid
guessing (RG)—a response behavior characterized by superficially quick item
responses that do not reflect actual knowledge or abilities (Wise & DeMars, 2005).
Because responses influenced by RG do not reflect the actual proficiency of the
test-takers, they pose a threat to the validity of ability estimates (Wise, 2017).
Simulation studies have shown that RG introduces substantial biases in point esti-
mates of proficiency and has a nonnegligible impact across diverse testing contexts
(e.g., DeMars et al., 2013; Osborne & Blanchard, 2011; Wise & DeMars, 2010).
However, while PVs are commonly used in educational LSAs, the extent to which
RG affects PV estimates has not been systematically explored. Given that PVs
reflect uncertainty at the population level rather than for individual respondents,
RG may primarily affect analyses of aggregated data, for example, on differences
between groups.

This study therefore aimed to investigate the effect of RG on PV estimates and
to evaluate methods for addressing it in the context of ability comparisons
between groups (hereinafter referred to as group comparisons). Specifically, we
seek to (a) determine the bias introduced by RG in group comparisons based on
PV estimates, and (b) introduce and evaluate different approaches of handling
RG in the estimation of PVs. To address these research aims, we first present dif-
ferent methods of accounting for RG in PV estimation. In a simulation study and
an illustrative application using data from university students participating in a
German LSA, we determine to what extent RG biases group comparisons based
on PVs and evaluate the effectiveness of the different approaches in mitigating
these biases.
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Rapid Guessing in Large-Scale Assessments
Defining Rapid Guessing

Schnipke and Scrams (1997) classify test-taking behavior into two distinct categories:
solution behavior (SB) and RG behavior. SB involves carefully analyzing a question
while employing one’s abilities and effort after thoroughly reading the item. In con-
trast, RG behavior is characterized by quickly skimming the question and selecting
an answer without meaningful engagement. As a result, responses produced with RG
do not accurately reflect test-taker’s true abilities in the same way as those given
under SB (Wise, 2017).

However, many existing IRT models are designed for SB by assuming that the
probability of a correct response follows a monotonically increasing function depend-
ing on the respondent’s proficiency, meaning that higher proficiency levels corre-
spond to higher probabilities of correct responses (C. Wang & Xu, 2015). For
example, under the one-parametric logistic test model (Rasch, 1960), the probability
of a correct response is given as

P(Yy= 1|0i’§j)_ exp(0; — fj) (1)

 1+exp(0; — &)

with the binary response Y;; given as a function of the ability parameter 6; of person i
and the difficulty parameter &; of item j. In contrast, under RG, the assumptions of
the Rasch model do not hold as test-takers respond without considering the response
options, relying purely on guessing. The observed responses are assumed to be inde-
pendent of the test-taker’s true ability and thus provide no meaningful information
about it (Schnipke & Scrams, 1997; C. Wang & Xu, 2015).

Reported RG rates in LSAs vary widely, ranging from under 1% (Kroehne et al.,
2020) to nearly 20% (Ulitzsch et al., 2020), depending on factors such as test domain,
testing conditions, and the identification method used (e.g., Goldhammer et al., 2016;
Kroehne et al., 2020; Michaelides & Ivanova, 2022; Rios et al., 2017). Because RG
occurs at the response level (Ulitzsch et al., 2020), it is influenced by both test-taker
characteristics (e.g., ability; Rios & Soland, 2022) and item characteristics (e.g., pla-
cement, difficulty, and formatting; Lee & Jia, 2014). Typically, test-takers with
higher ability levels exhibit lower rates of RG, and more difficult items tend to lead
to higher RG rates (e.g., Goldhammer, Martens, & Liidtke, 2017; Rios et al., 2022;
Soland, 2018), highlighting the complex relationship between test-takers’ ability,
RG, and item characteristics.

Biases Introduced by Rapid Guessing

Failing to account for RG biases both item and person parameter estimates in models
that assume SB (Jin et al., 2022; Rios et al., 2017; Rios & Soland, 2021a). The extent
of this bias increases with higher RG rates (Rios & Soland, 2021a; Wise et al., 2021)
and a greater difference between the probability of a correct response when engaging
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in SB and the probability of a correct guess when engaging in RG (which is mostly
notable in easy tests, where the probability of a correct response for SB is generally
high; Rios et al., 2017).

In addition, RG can distort ability comparisons between groups (Soland, 2018).
For example, Anaya and Zamarro (2023) found that boys exhibit higher RG rates
than girls in PISA assessments, independent of their ability level. Accounting for
these differences substantially altered estimates of the gender achievement gap, shift-
ing mathematics and science scores by up to 36% and 40% of a standard deviation,
respectively, in favor of boys. These findings underscore the substantial threat RG
poses to the validity of scores in general (e.g., DeMars, 2007; Setzer et al., 2013;
Wise et al., 2009) and to group comparisons in particular (Anaya & Zamarro, 2023;
Soland, 2018; Wise, 2017). They highlight the importance of robust methods to iden-
tify and adjust for RG when interpreting data from LSAs to ensure accurate interpre-
tation of results.

Measuring Rapid Guessing

RG can be measured at multiple analytical levels. At the examinee level, it is mea-
sured across all responses for each test-taker to assess individual differences in RG
behavior (Wise & Kong, 2005). At the item level, RG patterns are aggregated across
all test-takers for a given item because some items may provoke higher rates of RG
than others (Schnipke & Scrams, 1997). Finally, at the response level, each interac-
tion between a test-taker and an item is analyzed to identify specific responses from
a test-taker as a rapid guess.

Although RG behavior cannot be directly observed, three primary proxies have
been proposed for its measurement: (a) self-reported effort, (b) aberrant response pat-
terns, and (c) response times (Rios & Deng, 2021). Of these, response time-based
methods have gained particular popularity in recent years (e.g., Goldhammer,
Naumann, et al., 2017; Silm et al., 2020; Wise & Kuhfeld, 2021) due to their effec-
tiveness in classifying responses below a specified threshold as RG. By leveraging
process data automatically collected in computerized assessments, this approach
minimizes concerns about observer effects (Rios & Deng, 2021). Furthermore, it
enables the evaluation of RG on the response level, facilitating detailed analyses of
shifts in test-taking behavior across items (Wise & Kingsbury, 2016).

Methods of detecting and accounting for RG using response times can be broadly
categorized into two groups: model-based and threshold-based approaches. Model-
based approaches distinguish between SB and RG using mixture modeling tech-
niques (Nagy & Ulitzsch, 2022; C. Wang & Xu, 2015). In these mixture models, the
probability of a correct response depends on the response behavior. For responses
identified as SB, the probability of a correct response is modeled using traditional
IRT models, for example, the Rasch model as depicted in Equation 1. For responses
identified as RG, however, the probability is set to chance level, assuming that these
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responses do not provide meaningful information about a test-takers’ ability
(Schnipke & Scrams, 1997; C. Wang & Xu, 2015).

Research shows that model-based approaches effectively reduce RG bias by iden-
tifying and accounting for responses classified as RG (Rios et al., 2022). However,
their practical application is limited by high computational demands, large sample
size requirements, challenges with model convergence, and assumptions about
response time distributions (Molenaar et al., 2018). Therefore, in practice, threshold-
based approaches are most commonly used (Rios & Deng, 2021; Silm et al., 2020).
These assume distinct response time distributions for SB and RG. By comparing an
individual’s item response time #; against a predefined threshold p; of item j, the
engagement ¢,; for each item-person encounter is determined (Goldhammer,
Martens, & Liidtke, 2017). If the response time is shorter than the threshold, the
response is flagged as RG, meaning

. c : J 2

Therefore, the engagement ¢;; takes the value 0 if the response is flagged as a
rapid guess and 1 otherwise. However, this requires an accurate threshold determina-
tion, as inaccurate thresholds may also bias item and parameter estimates (Rios,
2022).

Selection of a Threshold

Threshold-based approaches of accounting for RG require the selection of a response
time threshold to classify responses as either RG or SB based on the assumption that
the two behaviors correspond to distinct, nonoverlapping response time distributions
(Rios & Deng, 2023). Thresholds can be determined through heuristic rules, exami-
nation of response time distributions, or the combination of response time with accu-
racy information (Rios & Deng, 2021). In the latter case, unusually short responses
that are also incorrect are taken as strong indicators of RG, whereas longer response
times accompanied by higher accuracy are more consistent with solution behavior
(Rios & Deng, 2021). The following paragraphs introduce two well-established and
easily applicable threshold techniques (Buchholz et al., 2022; Goldhammer et al.,
2016; Kroehne et al., 2020; Michaelides & Ivanova, 2022): the common-k and the
visual-inspection method.

The common-£ or fixed threshold method applies a uniform response time thresh-
old across all items (Wise et al., 2004) and is widely used due to its simplicity,
including in LSAs like PIAAC (Goldhammer et al., 2016). Its main advantage is that
it does not require item-specific data, making it suitable for large item pools with
minimal effort. However, a key limitation is its failure to account for item variability.
Applying a uniform threshold to items with, for example, different reading demands
may overlook meaningful differences in response behavior. Although some research
suggested that response time distributions remain nearly uniform under RG due to
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disengagement (C. Wang & Xu, 2015), the response time distributions under SB can
vary between items and populations. This method may thus fail to account for het-
erogeneity in items (e.g., item difficulties) and population characteristics (e.g., person
abilities), potentially undermining its validity (Wise, 2017).

The visual-inspection method proposed by Schnipke (1995) identifies response
time thresholds based on the bimodal distribution of response times, where the first
mode represents RG and the second reflects SB. The threshold is set at the lowest
intersection point between these distributions. While this method is effective, it is
also time-consuming and may lead to different interpretations among observers
(Rios & Deng, 2021). The assumption that response times follow a bimodal distribu-
tion for every item does not always hold in practice, particularly for items that can
be solved quickly even under SB (Wise, 2017). In addition, this method has the ten-
dency to set excessively high thresholds, which may lead to misclassification of
engaged responses as RG (e.g., Wise & Kuhfeld, 2020, 2021).

Plausible Value Technique

PVs account for measurement error in the estimation of competencies while also cor-
recting for sampling design to allow for unbiased population estimates (e.g., Mislevy,
1991; Wu, 2005). They were developed in the context of LSAs to enable valid infer-
ences about populations and subgroups rather than to allow a precise measurement of
an individual’s ability (e.g., von Davier et al., 2009; Wu, 2005). PVs are generated
by drawing multiple estimates of an individual’s latent ability, thereby reflecting the
range of abilities that are plausible for that person given their item responses (Wu,
2005). The PVs approach applies the concept of multiple imputation (Rubin, 1987;
see also Jewsbury et al., 2024), wherein multiple values for each individual i are
drawn from the posterior predictive distribution of their latent ability, 6; (Mislevy,
1991). The posterior predictive distribution can be described as

P(0;|Yi, X;; €,4)<P(Y;|0;; €) - P(0:|Xis), (3)

with ¥; representing the participant’s item responses, & the parameters of the mea-
surement model, and X; the background variables. The posterior predictive distribu-
tion integrates two key components: the measurement model P(Y;|6;;&), which
establishes the relationship between the latent ability 6; and the item responses V; ,
and the background model P(6;|X;; ¢), which describes how background variables X;
relate to the ability 6; (Mislevy, 1991; Mislevy et al., 1992). The measurement model
is typically defined using an IRT model, which specifies the probability of a response
pattern Y; € {y;1, ..., vy} for a person i€ {l, ..., I} to a set of items
je{l, ..., J} as follows,

J
P(Y;|6;; &) =] | POs165; €). (4)
=1

J
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A commonly used IRT model is the Rasch model (Equation 1). The background
model is typically parameterized as a linear regression as shown in Equation (4),
where i, denotes the intercept, and ¢y represents a vector of regression coefficients
for the predictors included in the background model

P(9i|Xi;¢)“N(¢o+¢XXi;(f(%i|Xi) (5)

An important challenge in PV estimation is ensuring that all relevant variables X;
are included in the background model in their correct functional form. Omitting key
variables can lead to biased estimates and compromise the accuracy of PVs
(Bondarenko & Raghunathan, 2016; Meng, 1994). Therefore, it is recommended to
include all variables in the background model that are used in subsequent analyses to
provide unbiased population estimates (von Davier et al., 2009; Wu, 2005). When
the background model is correctly specified, Sengewald and Mayer (2024) showed
that estimates obtained by PVs are comparable to those from latent variable models.

Accounting for Rapid Guessing in Plausible Value Estimation

While several approaches are available to account for RG in analyses of point esti-
mates, the optimal strategy for handling RG in the context of PVs remains underex-
plored. Because relevant person-level variables can be incorporated into the
background model, PVs offer a unique framework that can be leveraged to account
for RG in ability estimation. The three threshold-based approaches of accounting for
RG in PV estimation presented below aim to mitigate biases induced by RG by
assuming that RG manifests at the response level. However, each of these models
addresses RG at a distinct analytical level: either at the person level, at the response
level, or both.

Rapid Guessing as a Person-Level Characteristic

The person-level model conceptualizes RG as an individual characteristic measurable
at the examinee level. This model builds upon the principle of PV estimation by
incorporating a proxy for RG into the background model, facilitating adjustments for
RG and its correlation with the estimated ability at the person level. RG at the person
level can be operationalized using the response time effort (RTE; Wise & Kong,
2005), which describes an individual’s average engagement across the test. The idea
is that each test consists of multiple person-item encounters. For each encounter, the
test-taker decides whether to engage in SB or RG, and this decision is reflected in
the response time. The overall RTE of individual i is calculated as

J
RTE; = M’ (6)
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with J describing the total number of items in the test and ¢;; being the engagement
indicator given in Equation 2. As the RTE is usually heavily skewed, it is common
practice (e.g., Wise et al., 2021) to further dichotomize the RTE. Wise and Gao
(2017) argue that, based on previous research, it can be assumed that ability esti-
mates are considerably distorted when RG exceeds 10% of all provided responses.
Therefore, test-takers can be defined as being engaged when they use SB on more
than 90% of the items:

«_ ] 0, if RTE; < .9
RIE; _{ 1, if RTE; > 9. @
Buchholz and colleagues (2022) described the inclusion of a person-level RG opera-
tionalization as the simplest method for addressing this aberrant test-taking behavior
in PV estimation. However, to our knowledge, no systematic analyses have been con-
ducted to evaluate whether this approach can effectively attenuate biases induced by
RG.

In summary, the person-level model accounts for RG in PV estimation by includ-
ing the RTE as a proxy of RG in the background model. Thus, PVs are generated
conditional on examinees’ overall test-taking effort, thereby adjusting population
estimates for systematic differences in engagement.

Rapid Guessing as a Response-Level Characteristic

The measurement model in the response-level model corresponds to the effort-
moderated model (EMM) by Wise and DeMars (2006). The EMM assumes that, for
each person-item encounter, examinees decide whether to engage in SB or RG.
Under SB, the probability of a correct response increases with ability and can be
modeled using a standard IRT model. Under RG, by contrast, the probability of a
correct response remains at the chance level, independent of ability. Thus, the func-
tional relationship between ability and accuracy fundamentally differs depending on
the response process. The EMM combines the two submodels representing SB and
RG as

P;(0;)= (¢;) (SB model) + (1 — ¢;;) (RG model) (8)

Depending on the engagement of examinee i for item j, which is determined by com-
paring the item response time to a threshold, either one of the two submodels is used
to model the examinee’s response. Because the model assumes that responses given
under RG are not psychometrically informative, rapid guesses are coded as missing
in the IRT model, thereby reducing parameter bias compared with scoring them as
incorrect (Rios & Deng, 2023). EMM scoring effectively handles RG but assumes
RG occurs at random,; if this assumption is violated, the accuracy of parameter esti-
mates will be affected (DeMars, 2024; Rios & Soland, 2021a). Moreover, as RG rates
increase, the standard errors of ability estimates also increase when using EMM
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scoring (Rios & Soland, 2021b). Despite these limitations, the EMM remains a prac-
tical and efficient method for handling RG (Liu et al., 2019; Rios & Deng, 2023).

In contrast to the person-level approach, the response-level model integrates RG
directly into the measurement model. By coding rapid guesses as missing within the
IRT framework, PVs are estimated conditional on effort at the response level, which
allows for a fine-grained adjustment that accounts for response-level variation in
engagement.

Rapid Guessing as Person- and Response-Level Characteristic

The combined model addresses RG at both the person and response levels by combin-
ing the two previous approaches. It incorporates RG at the person level as a covariate
into the background model for PV estimation while scoring the rapid guesses at the
response level based on the EMM. Therefore, this approach utilizes the EMM as an
established RG scoring method while also accounting for the correlation between RG
and ability in PV estimation. Consequently, it combines the strengths of both the
person-level and response-level models.

Aims of the Study

The study aimed to investigate the impact of RG on group comparisons based on PVs
and to evaluate different methods of accounting for RG in PV estimation. While PVs
are widely used to adjust for measurement error and estimate population-level effects,
the influence of RG on PVs has not been systematically explored. Therefore, this
study seeks to (a) determine the bias introduced by RG in group comparisons based
on PV estimates and (b) introduce and evaluate different approaches of handling RG
in the estimation of PVs. To address these research aims, we present a simulation
study that evaluates the performance of three approaches designed to account for RG
in PV estimation on different analytical levels and compares them with an approach
that does not account for RG. Furthermore, we demonstrate the application of these
approaches using data from university students in a German LSA, providing insights
into how these methods can improve the validity of group comparisons in LSAs.

Simulation Study
Design

The description of the simulation design follows the ADEMP (aim, data generation,
estimands, methods, performance measures) structure suggested by Morris et al.
(2019). The simulation was conducted in R (R Core Team, 2024). The analysis code,
results, and supplemental material are provided at https://osf.io/gdnse/.

Aims. The simulation study aimed to evaluate the parameter recovery of group com-
parisons for different approaches of (not) accounting for RG in PV estimation.
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Figure I. Hierarchical Mixture Model Used for Data Generation.

Note. The figure depicts the hierarchical mixture model used for data generation in the simulation study.
The model is adapted from C. Wang and Xu (2015; marked by dashed rectangle), who proposed a
mixture modeling approach accounting for rapid guessing on the response level while still incorporating
person-level characteristics and their relationships. It distinguishes between two latent response behavior
classes: rapid guessing and solution behavior. Each class is characterized by different distributions of
correct item responses and item response times. The current adaptation additionally incorporates a
group level with aggregated engagement and proficiency values. The figure is adapted from Nagy and
Ulitzsch (2022).

Data Generation. Data were generated based on the mixture hierarchical model by C.
Wang and Xu (2015), as this model allows for individual differences not only in pro-
ficiency but also in test-taking engagement and speed while accounting for the rela-
tionship between these variables. The model assumes that test-takers decide for each
item to engage either in SB or RG, represented by two latent classes on the response
level. The probability of a correct response and the item response times each follow
a mixed distribution, depending on the latent class. To accommodate the group com-
parison setting, the model was expanded in the current study at a group level (see
Figure 1). The parameters were adapted from a previous simulation study on RG
(Ulitzsch et al., 2020) to mirror empirical data of reading comprehension tests used
in educational LSAs (e.g., Goldhammer et al., 2014; Welling et al., 2024).

Two groups were generated, with each group g consisting of N, =1,000 partici-
pants. Within each group, the test-taking engagement ¢, ability 60;, and test-taking-
speed 7; of person i originated from a multivariate normal distribution with a mean
vector ,u,=(,u,¢,g, Mg, w.). Both Mg, and Mg, differed between the groups and were
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Table I. Parameters Across Simulation Conditions.

Factor Value
Ability RGR RGR RGR in RGR in

Condition  difference  overall difference Mg, My,  group I*  group 2°
I 0.50 5% -5% —0.25 0.25 7.5% 2.5%

2 0.50 5% 0% —0.25 0.25 5.0% 5.0%

3 0.50 5% 5% —0.25 0.25 2.5% 7.5%

4 0.50 15% -5% —0.25 0.25 17.5% 12.5%

5 0.50 15% 0% —0.25 0.25 15.0% 15.0%

6 0.50 15% 5% —0.25 0.25 12.5% 17.5%

7 1.00 5% -5% -0.50 0.50 7.5% 2.5%

8 1.00 5% 0% -0.50 0.50 5.0% 5.0%

9 1.00 5% 5% —-0.50 0.50 2.5% 7.5%

10 1.00 15% -5% -0.50 0.50 17.5% 12.5%
I 1.00 15% 0% —-0.50 0.50 15.0% 15.0%
12 1.00 15% 5% —-0.50 0.50 12.5% 17.5%

Note. RGR = rapid guessing rate on response level, , = mean ability in Group I, w,,= mean ability in
Group 2.

(Kgg)
*The RGRs were converted to the group mean engagement parameter M, S I —RGR; = %.

systematically varied between simulation conditions (see Table 1). In contrast, w,
was zero for both groups across all conditions. The variance-covariance matrix for
¢,, 0;, and 7; was invariant across groups and defined as

1
S=( 70 35 (9)
—~20 —20 0.05

The competence test was simulated to comprise 20 items. In the SB class E, the
probability of a correct response followed a Rasch model (Rasch, 1960), thus depend-
ing on 6; and the item difficulty §; of item j, with &; € {-1.0, — 0.5, 0.0,0.5,1.0}.
The log-transformed item response times followed a normal distribution with stan-
dard deviation 0£=0.30, mean fB;—7;, and item time intensities
B; € {2.9, 3.1, 3.3, 3.5, 3.7} corresponding to average item response times of 15
to 40 seconds. The five values of the item parameters &; and B; were each replicated
four times to simulate the 20 items included in the test. In the RG class D, the prob-
ability of a correct response was defined for each item as z;=0.25, which resembles
the guessing probability in multiple-choice questions with four response options. The
log-transformed item response times followed a normal distribution with mean
Bp=1.25 (=3.5 seconds) and standard deviation op =0.60.

To evaluate the performance of the models in diverse conditions, three factors
were systematically varied. First, the overall RG rate on the response level was varied
between a lower (5%) and a higher (15%) rate. RG rates reported in the literature vary
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from under 1% to nearly 20%, depending on factors such as sample, test domain, and
item or test characteristics (e.g., Michaelides & Ivanova, 2022; Ulitzsch et al., 2020).
The RG rates in the present study were chosen to cover different scenarios while still
being plausible for applied settings. Second, the size of the ability difference between
the two groups was varied to correspond to a medium (0.5 SD) and a large (1.0 SD)
gap. Similar values have been repeatedly found in educational studies (e.g., Bloom
et al., 2008). Third, the difference in the RG rates between the two groups was varied,
with (a) Group 1 having a lower RG rate than Group 2 (A, =— 5), (b) both groups
having the same RG rate (Ao, =0), and (c) Group 1 having a higher RG rate than
Group 2 (Ao, =5). Since the impact of RG depends both on its frequency and the abil-
ity level of the (sub)sample, different RG rates in the two groups can bias the esti-
mated aggregated abilities to varying degrees and thus also affect the estimation of
ability differences. In total, the study comprised 2 (overall RG rate) X 2 (ability dif-
ference) X 3 (difference in RG rates) = 12 conditions. The specific parameters for
each condition (i.e., Mg, M¢g) are displayed in Table 1.

Estimands. The main estimand is the ability difference between the two groups, mea-
sured by Cohen’s d (Goulet-Pelletier & Cousineau, 2018). To enhance the interpreta-
tion of the results, the mean ability Mg, and standard deviation of ability o, of each
group are included as supportive estimands.

Methods. For each simulated dataset, we estimated (a) the baseline model ignoring
RG as well as (b) the person-level model, (c) the response-level model, and (d) the
combined model that accounted for RG on the person level, response level, or both,
respectively. As different approaches of accounting for RG vary in their sensitivity
to distinct levels of misclassifications (Rios & Deng, 2023), models (b) to (d) were
evaluated using two different methods to set the response-time thresholds: (a) the
common-k method with a fixed threshold of 5 seconds for all items (fixed threshold)
and (b) the visual-inspection method with an individual threshold for each item
(visual threshold). Because it was not possible to visually determine a threshold for
20 items in all 12,000 simulated datasets, for each item parameter set (i.e., same item
difficulty and time intensity) in each condition, one common threshold was deter-
mined by computing the minimum of the response time distribution between 5 and
15 seconds. The resulting 60 thresholds ranged between 5.54 and 12.86 seconds and
were visually verified. The RTE was calculated and dichotomized using Equations 6
and 7, respectively.

For each dataset and method, the model with corresponding PVs was estimated in
three steps using the package TAM (Robitzsch et al., 2024). First, a Rasch model (see
Equation 1) was computed to obtain unbiased item difficulties. Then, the full model
including the fixed item difficulties from step one and all covariates was estimated.
As it is recommended to include all variables in the background model that are used
in subsequent analyses (von Davier et al., 2009; Wu, 2005), the grouping variable
was defined as a covariate for all models. In the person-level and combined models,
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the dichotomized RTE was included as an additional covariate to account for RG on
the person level. Finally, 25 sets of PVs were drawn from the posterior distribution
of the full model. Although the number of PVs provided in some educational LSAs
is limited to 5 or 10, the use of more PVs can result in more efficient parameter esti-
mates (see Laukaityte & Wiberg, 2017) and is common in LSAs such as the National
Assessment of Educational Progress.

Performance Measures. As main performance measures, the rate of converged models,
the absolute bias (as the relative bias is dependent on the true value and thus differs
between conditions), and the empirical standard error were computed. In addition, the
mean squared error (MSE) and the coverage are reported in the supplemental mate-
rial. For each performance measure except the convergence criteria, the Monte Carlo
standard error (MCSE) was computed (see Morris et al., 2019, p. 2086, for an over-
view of the performance measures with equations). The standard error of Cohen’s d
was calculated using Equation 4 in Goulet-Pelletier and Cousineau (2018). All para-
meters were pooled over all PV sets using Rubin’s rules (Rubin, 1987). To obtain pre-
cise performance measures with small MCSEs, we chose a large number of simulated
datasets, N, = 1,000.

Results

Threshold Diagnostics. There was a high agreement between the engagement esti-
mated by the thresholds and the true engagement ( > 93% overlap for both thresholds
and both RTEs in all conditions, see Tables S1 and S2 in the Supplemental Material).
The visual threshold and the corresponding RTE exhibited a slightly better overlap
than the fixed threshold and the corresponding RTE, especially in conditions with a
high RG rate. The sensitivity (i.e., correctly classified engaged responses) was
extremely high for both thresholds and RTEs ( > 98%), but the specificity (i.e., cor-
rectly classified rapid guesses) was higher for the visual threshold and corresponding
RTE (> 89%) than the fixed threshold and corresponding RTE (> 72%) throughout
all conditions.

Performance Measures. All models converged in all conditions and simulated data-
sets. For all performance measures, estimands, models and conditions, the MCSE
was estimated to be below 0.01 (see Tables 2 and 3 as well as Tables S3—S20 in the
Supplemental Material). Overall, the bias in the estimated ability difference was
rather low for most conditions and models (see Figure 2 and Table 2). The baseline
model and the two person-level models tended to underestimate the ability differ-
ence, especially in the conditions with a high RG rate, a large true ability difference,
and/or a higher RG rate in the high ability group than in the low ability group
(bias > —0.16). The biases of the response-level and combined model were very
small (bias < |0.04|), independent of the threshold and in all conditions and models.
The most pronounced bias occurred when the RG rate was high and the true ability
difference large, with the models based on the fixed threshold slightly
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Table 2. Absolute Bias of the Estimated Ability Difference With Monte Carlo Standard
Errors.

Person-level model = Response-level model =~ Combined model

Con.  Baseline model Fixed Visual Fixed Visual Fixed Visual
I 0.012 0.013 0.013 —0.001 —0.004 0.004 0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

2 -0.015 —0.016 —0.015 —-0.001 0.002 -0.005 -0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

3 —0.039 —0.041 —0.040 0.002 0.010 -0.010  -0.004
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

4 -0.014 —0.013 —0.014 —0.006 —0.002 -0.005 -0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

5 —0.052 —0.050 —0.049 —0.008 0.012 -0.010 0.008
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

6 -0.093 -0.090 —0.090 -0.015 0.018 -0.020 0.011
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

7 0.001 0.002 0.002 —0.002 —0.003 —0.001 0.000
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

8 —0.025 —0.025 —0.024 0.004 0.011 —0.003 0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

9 —0.059 —0.059 —0.059 0.002 0.014 -0.014 -0.004
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

10 —0.069 —0.065 —0.065 -0.017 0.004 -0.018 0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

I —0.112 —0.108 —0.107 —0.022 0.017 —0.027 0.011
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

12 —0.154 —0.149 —0.148 —0.027 0.029 —0.034 0.019
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.002)

Note. Con. = simulation condition. The terms “fixed” and “visual” refer to the threshold method used to
flag rapid guesses. Displayed is the absolute bias and its Monte Carlo standard error in parentheses as
described in Morris and colleagues (2019).

underestimating (bias > —0.04), and the models based on the visual threshold
slightly overestimate the ability difference (bias < 0.03). The empirical standard
error of Cohen’s d ranged between 0.05 and 0.06 for all models and conditions (see
Table 3).

The bias in the supportive estimands is displayed in Supplemental Figures S1 to
S4 and Tables S3 to S6 in the supplemental material. The response-level models
slightly overestimated the mean ability in the low ability group (u, ) when the RG
rate was high (bias < 0.06), while the baseline, person-level, and combined models
barely showed any bias (|bias| < 0.04). The baseline and person-level models under-
estimated the mean competence in the high ability group (w,,), especially when the
RG rate was high, the true ability difference large, and/or when the high ability group
exhibited a higher RG rate than the low ability group (bias > —0.20). The response-
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Table 3. Empirical Standard Error of the Estimated Ability Difference With Monte Carlo
Standard Errors.

Person-level model  Response-level model =~ Combined model

Con.  Baseline model Fixed Visual Fixed Visual Fixed Visual
I 0.053 0.052 0.052 0.052 0.052 0.052 0.052
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

2 0.055 0.055 0.055 0.055 0.055 0.055 0.055
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

3 0.055 0.055 0.055 0.056 0.056 0.055 0.056
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

4 0.053 0.052 0.053 0.053 0.054 0.053 0.054
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

5 0.052 0.053 0.053 0.053 0.053 0.054 0.053
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

6 0.052 0.052 0.052 0.053 0.054 0.053 0.054
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

7 0.058 0.058 0.058 0.057 0.057 0.057 0.057
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

8 0.054 0.054 0.054 0.054 0.054 0.054 0.054
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

9 0.053 0.053 0.053 0.054 0.054 0.054 0.054
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

10 0.052 0.052 0.052 0.053 0.054 0.053 0.053
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

I 0.053 0.054 0.054 0.056 0.057 0.056 0.056
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

12 0.052 0.052 0.053 0.055 0.057 0.055 0.057
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Note. Con. = simulation condition. The terms “fixed” and “visual” refer to the threshold method used to
flag rapid guesses. Displayed is the empirical standard error and its Monte Carlo standard error in
parentheses as described in Morris and colleagues (201 9).

level and combined models performed better, with practically no bias in the condi-
tion with low RG rate. When the RG rate was high, the models based on the fixed
threshold slightly underestimated w,,, while the response-level model based on the
visual threshold slightly overestimated w,, (|bias| < 0.06). All models slightly
underestimated both standard deviations when the overall RG rate was high, most
notably the baseline and person-level models and when the estimand was the stan-
dard deviation of the low ability group (bias > —0.12). The empirical standard error
of uy, and w,, ranged between 0.03 and 0.04, and the empirical standard error of o7,
and o, between 0.02 and 0.03 (see Tables S7 to S10 in the Supplemental Material).
The MSE and the coverage for all five estimands are reported in the Supplemental
Material.
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Figure 2. Absolute Bias in Estimated Ability Difference.

Note. RG = rapid guessing, gap = true ability difference. The figure depicts the absolute bias in the
estimated ability difference for (1) the baseline model that does not account for rapid guessing and (2)
three proposed approaches of accounting for rapid guessing (person-level model, response-level model,
combined model) using two threshold methods (fixed, visual). The 12 simulation conditions vary by rapid
guessing rate, size of the true ability difference, and difference in rapid guessing rate.

Overall, the models that accounted for RG on the response level (i.e., response-
level and combined model) performed best, while only accounting for RG on the per-
son level did not improve the performance compared to the baseline model. The dif-
ferences between the models were most pronounced when the overall RG rate was
high, the true ability difference was large, and/or the high ability group engaged in
more RG than the low ability group. Especially in these conditions, the performance
of the response-level and combined model also depended on the threshold method.

Empirical Application

To illustrate the different models and investigate differences in conclusions that may
be observed in practice, the same models as in the simulation study were used to com-
pare groups of (former) university students in different subject areas of a German
LSA.

Methods

Sample. The sample consisted of 478 former university students who participated in
the German National Educational Panel Study (NEPS; Blossfeld & RoBbach, 2019)
that follows different cohorts across their life course. The participants (43% female)
gave written informed consent and were currently or have been previously enrolled
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in different study subjects. For the group comparison, the sample was divided into
two groups covering different study fields with distinct mean reading ability levels.
Group 1 consisted of 302 participants (27% female) who were (formerly) enrolled in
sports or engineering (age: M = 27.99, SD = 3.04), and Group 2 consisted of 176 par-
ticipants (70% female) who were (formerly) enrolled in (veterinary) medicine or arts
(age: M =28.15, SD = 4.26).

Instrument. The participants took part in an unproctored, web-based test measuring
reading comprehension. The test was specifically developed for the NEPS (Gehrer
et al., 2013) and comprised 21 items with different response formats distributed over
five reading tasks. However, to be comparable with the simulation study, only the 14
multiple-choice items were used in the present analysis. Each of these items con-
tained four response options with one correct solution each (i.e., 25% chance level of
a correct response).

Analysis. The response time data were preprocessed with R code developed by
Welling et al. (2024). Item response time was defined as the time the participant
spent in total on the respective item page (if the participant visited the page more
than once, the different visit times were summed). As in the simulation study, a fixed
and a visual threshold were set for each item. Because the computational approach
for determining the visual threshold (see design section of the simulation study)
could not identify clear thresholds for most items, the histograms of these item
response times were visually scanned to find the intersection of the bimodal distribu-
tion. In case of ambiguous distributions, we followed Rios’ (2022) suggestion and
preferred a liberal threshold. Consequently, the visual thresholds varied between 5
and 10 seconds (see Table 4).

Before model estimation, measurement invariance between the two groups was
examined by testing for differential item functioning (DIF) for each dataset (i.e., the
original data and for each threshold approach one dataset with missing values for all
responses flagged as rapid guesses). To evaluate DIF, we examined whether item dif-
ficulties differed significantly between the two groups. In addition, we compared the
DIF model to a model without DIF using information criteria.

The background models for the PV estimation were chosen to resemble the simu-
lation study and included only the grouping variable in all models and the dichoto-
mized RTE in the person-level and combined model. As in the simulation study,
seven models were computed: a baseline model that ignores RG, and six models
accounting for RG by combining three modeling approaches (person-level, response-
level, combined) with two threshold-setting methods (fixed threshold, visual thresh-
old). The computation of the models, the drawing and pooling of PV sets, and the
estimation of all five outcomes (d, wy, , iy, 06,, 062) followed the same procedure as
in the simulation study. Analyses were conducted in R (R Core Team, 2024). The
raw data are available at NEPS Network (2024), while the analysis code, analysis
results, and supplemental material are provided at https://osf.io/gdnse/.
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Table 4. Descriptives by Item in the Empirical Example.

Valid Response Fixed Visual
responses time threshold threshold

M % %

tem  Task  Position N (SD) Threshold RG  Threshold RG

I I I 477 29.29 5.00 0.2 5.00 0.2
(17.61)

2 I 2 477 35.53 5.00 0.8 7.00 1.1
(17.54)

3 I 3 477 26.93 5.00 [.5 6.00 2.1
(14.32)

4 2 6 466 27.00 5.00 .7 8.00 2.4
(20.12)

5 2 7 466 22.29 5.00 1.9 7.00 2.2
(12.84)

6 3 10 463 27.71 5.00 2.4 9.00 3.7
(14.26)

7 3 I 463 21.22 5.00 3.0 6.00 32
(13.35)

8 3 12 460 31.06 5.00 3.3 6.00 3.3
(19.81)

9 3 13 460 34.62 5.00 3.5 10.00 39
(18.79)

10 3 15 450 27.14 5.00 3.6 8.00 4.0
(12.51)

Il 4 16 424 32.13 5.00 3.8 9.02 54
(15.53)

12 4 18 396 32.93 5.00 5.6 9.12 6.6
(17.65)

3 5 19 358 22.97 5.00 4.5 6.79 5.3
(11.13)

14 5 20 348 18.36 5.00 49 5.00 49
(17.74)

Note. Response time and thresholds are specified in seconds.

Results

There was no DIF between the two groups (see Tables S21 and S22 in the supple-
ment). In total, 7.5% of the responses were missing, resulting in 6,185 valid item
responses provided by the participants (Group 1: 3,895 responses, Group 2: 2,290
responses).

In the whole sample, 2.8% of the responses were identified as rapid guesses and
5.7% of the participants were classified as disengaged (i.e., > 10% rapid guesses)
when using the fixed threshold, compared to 3.3% rapid guesses and 6.7% disen-
gaged participants when using the visual threshold. The RG rates differed between



Welling et al. 19

the groups: in Group 1, 3.5% (fixed) or 4.0% (visual) of the responses were identi-
fied as rapid guesses and 6.3% (fixed) or 7.6% (visual) of the examinees classified
as disengaged, while in Group 2, only 1.6% (fixed) or 2.2% (visual) of the responses
were rapid guesses and 4.6% (fixed) or 5.1% (visual) of the participants were disen-
gaged. In total, 32.0% (fixed) or 34.1% (visual) of the responses flagged as rapid
guesses were solved correctly, thus exceeding the chance level of 25% only slightly.

Overall, the estimated parameters and their confidence intervals did not vary con-
siderably between the different models (see Table 5). The baseline model that
ignored RG estimated the ability difference between the groups to be d=0.66,
95% CI [0.42, 0.90]. In all six models that accounted for RG, the ability difference
was estimated to be slightly lower, ranging between d =0.59, 95% CI [0.36, 0.82],
in the person-level model wusing the fixed threshold and d=0.64,
95% CI [0.40, 0.87], in the combined model using the visual threshold. The esti-
mated mean ability of Group 1 (uy, ) ranged between 0.10 in the person-level model
and 0.16 in the response-level model, both models using the visual threshold. In con-
trast, the estimated mean ability of Group 2 (w,,) ranged from 0.54 for the person-
level model to 0.60 for the response-level model, using the fixed and visual thresh-
old, respectively. The standard deviation in Group 1 (o,) was estimated to be 0.70
in the baseline and person-level models, and to be 0.73 in both combined models.
The estimated standard deviation in Group 2 (oy,) ranged between 0.73 for the base-
line model and 0.76 for the combined model using the fixed threshold.

The results of the empirical example mostly reflect the finding from the simulation
study for the condition with a low overall RG rate, a higher RG rate for the low abil-
ity group, and a moderate ability difference. As all confidence intervals overlap, there
seems to be no pronounced bias in the five outcomes when (not) accounting for RG,
resulting in similar estimates for all examined models.

Discussion

Ability estimates can be seriously impaired if respondents do not invest motivation
and effort in an administered competence test but engage in RG behavior (e.g.,
DeMars et al., 2013; Osborne & Blanchard, 2011; Wise & DeMars, 2010). Previous
research, however, primarily focused on the consequences of RG on point estimates
of ability, whereas its effect on PV has not yet been systematically explored. The
present study filled this gap by determining the influence of RG on group compari-
sons based on PVs and by introducing and evaluating three different approaches of
accounting for RG in PV estimation.

The results of the simulation study showed that the bias in the estimated ability
difference varied across models, thresholds, and conditions, highlighting the impor-
tance of both model and threshold selection. When the RG rate was low, the corre-
sponding bias in the estimated ability difference across all models was small.
However, as the RG rates increased, the bias grew substantially. The models that
ignored RG or accounted for RG only on the person level consistently
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underestimated the ability difference, particularly under a high RG rate, large true
ability difference, and when the high ability group exhibited more RG than the low
ability group. In contrast, models that accounted for RG on the response level, either
alone or in combination with person-level adjustments, demonstrated substantially
lower bias. Only when the RG rate was high, models based on a fixed threshold
slightly underestimated the gap, while models using a visual threshold slightly over-
estimated it. In addition, the response-level models slightly overestimated the mean
ability of the low ability group under a high RG rate, while the baseline, person-
level, and combined models exhibited minimal bias. Conversely, the baseline and
person-level models substantially underestimated the mean ability of the high ability
group, particularly under a high RG rate and a large true ability difference. All mod-
els underestimated at least slightly the standard deviations when the RG rate was
high, with the baseline and person-level model exhibiting the most pronounced bias.
Across all outcomes and conditions, the combined model using the visual threshold
(i.e., a low misclassification rate) performed best, although differences between the
combined and response-level model were mostly marginal.

These findings indicate that ignoring RG in PV estimation can distort group com-
parisons of ability and may compromise the validity of inferences on educational
inequalities. However, when the RG rate was small, the bias tended to be rather
small. This aligns with previous research on point estimates of abilities, indicating
that bias in group comparisons tends to be limited in many settings (Soland, 2018).
A potential explanation for the small bias are group-level aggregation effects. As
described by Wise et al. (2020), two mechanisms can reduce the impact of RG on
aggregated scores. On the one hand, a diluting effect may occur if most respondents
engage in SB, which reduces the impact of RG, especially when the RG rates are
low. On the other hand, a cancellation effect can occur if individual score distortions
vary in direction. As shown by these authors, some rapid guesses lead to negatively
biased scores, while others result in positively biased scores (e.g., when the probabil-
ity of a correct response is larger under RG than under SB), thereby offsetting each
other in aggregated scores.

Furthermore, the findings of the simulation study suggest that the extent of the bias
varies depending on the prevalence of RG in both groups and the size of the true abil-
ity difference. The results support key theoretical assumptions about bias caused by
RG when not or inadequately accounted for. Bias increases (a) with higher RG rates,
because a larger proportion of distorted responses is incorporated into the estimation
process of PVs (Rios & Soland, 2021a), (b) in groups with higher competence since
the probability of a correct response under SB and thus the difference between the
probability of a correct response under SB vs. RG increases with proficiency (Rios
et al., 2017), and (c) in group comparisons additionally when the more able group
engages in more RG than the less able group, as a direct consequence of (a) and (b)
(Anaya & Zamarro, 2023; Soland, 2018). The finding that the bias increased with the
size of the true ability difference is attributable to the effect of (b): the larger the true



22 Educational and Psychological Measurement 00(0)

difference, the greater was the simulated ability of the high ability group and thus the
distorting effect of RG.

The evaluation of the different approaches of accounting for RG in PV estimation
showed that adjusting for RG solely on the person level by including a proxy for RG
yielded little improvement over the model that ignored RG, whereas the models
accounting for RG on the response level effectively minimized bias. These findings
suggest that also in PV estimation, RG should be considered at the response level,
and are thus consistent with previous research on point estimates (Wise & DeMars,
2006). Leveraging the unique framework that offers PVs by including a proxy for
RG as a covariate in the background model, as suggested by Buchholz and col-
leagues (2022), does not seem to suffice in minimizing the biases induced by RG.
The person-level model operates under the assumption that response patterns accu-
rately represent ability, an assumption that is violated under RG. As the individual
posterior predictive distribution of PVs is based on both the measurement and the
background model, adjustments in the background model may be insufficient if the
likelihood in the measurement model is already distorted by responses that do not
reflect true ability. Nevertheless, even the response-level models remained imperfect,
particularly in estimating the ability of lower-performing groups, which tended to be
overestimated. In these cases, combining person- and response-level adjustments
provided the most accurate estimates by also addressing the relationship between RG
and competence.

However, the performance of the models that were effective in accounting for RG
(i.e., the response-level and combined models) varied more between the different
threshold methods than between the different approaches used for accounting for RG.
Notably, the combined model only yielded the best results when using a threshold
method with a low misclassification rate. These findings suggest that the choice of
threshold can also impact model performance in PV estimation and align with those of
Rios and Deng (2023) on point estimates of ability. They highlight the importance of
thorough threshold selection before choosing the correct model for accounting for RG.

The empirical study demonstrated that the proposed approaches of accounting for
RG in PV estimation are both applicable and feasible in practice. In the sample used
for the empirical application, all models of (not) accounting for RG yielded similar
results. This is consistent with the findings from the simulation study for the condi-
tion with a low overall RG rate, a higher RG rate for the low ability group, and a
moderate group difference—characteristics that were reflected in the actual sample.
As the overall RG rate was even lower than under the low RG rate condition of the
simulation study, these findings further support the notion that group comparisons do
not seem to be heavily biased when RG rates are low.

Implications for Group Comparisons in Large-Scale Assessments

The study demonstrates that accounting for RG in the estimation of PVs in LSAs can
reduce the bias induced by RG and is feasible, as the evaluated models are
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computationally efficient and easy to implement. However, our findings indicate that
the bias introduced by RG is influenced by the ability distribution across groups.
Failure to account for RG poses a risk of misinterpreting ability differences, poten-
tially leading to biased conclusions about educational outcomes. This, in turn, could
have far-reaching implications for educational policies and decision-making, such as
changes in the ranking of countries or demographic subgroups. Therefore, it is cru-
cial to be aware of the potential bias introduced by RG and consider appropriate cor-
rective measures when interpreting assessment outcomes.

Limitations and Future Directions

The findings presented offer several opportunities for follow-up research. First, future
research should examine whether including additional covariates related to test-taking
engagement into the background model as proposed by Buchholz et al. (2022) can
improve the adjustment for RG in PV estimation on the person level. For reasons of
clarity, RTE as a proxy for test-taking engagement and the grouping variable were
included as the only covariates in the current study. Although our simulation study
showed that the RTE can reliably detect RG behavior (see Table 2 in the supple-
ments) and thus explains a large part of the variance of test-taking engagement, it
was not sufficient to adjust for the impact of RG on PV. Further studies could investi-
gate whether an integration of a broader set of covariates, which explain an even
greater part of the variance of test-taking engagement and ability, can improve the
estimation of PVs.

Second, threshold selection plays a critical role in model performance, as different
threshold methods can lead to significant variations in results (Rios & Deng, 2023).
This study employed two well-established and easily applicable methods: the com-
mon-k method being practical and straightforward, and the visual-inspection method
optimized for better performance. However, these methods also have their limitations
in practice. The common-k approach disregards item-level variability, while the
visual-inspection method can only detect RG when a bimodal distribution is
present—an assumption that may not hold for items requiring relatively short
response times under SB. Therefore, future studies could evaluate the performance
of the approaches presented in this study also using different threshold techniques,
for example, the normative-threshold method (by classifying all responses with a
response time shorter than fixed percentage of the average response time as RG;
Wise & Ma, 2012) or by incorporating accuracy information in threshold selection
(e.g., Lee & Jia, 2014).

Third, to keep the scope and interpretation of the results in the simulation study
comprehensible, the correlation between RG and ability was not varied in the present
study and mean item response times were chosen to resemble the time demands of
simple multiple-choice items. Based on previous research using empirical data (e.g.,
Silm et al., 2020), we selected a relatively strong correlation between RG and ability,
recognizing its potential impact on model performance and bias in estimating ability
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differences. However, future studies should also take variations in the relationship
between ability and RG into account and evaluate the performance of the models
under different conditions. Moreover, they could examine whether different time
demands of items influence the classification accuracy of the different threshold
methods, thereby potentially impacting the performance of the models.

Fourth, the present study focused on easily applicable approaches of accounting
for RG on different analytical levels, leveraging the unique framework provided by
PVs and investigating whether adjusting for RG in the background model improves
performance. Building on these findings, future research should consider exploring
alternative modeling approaches, such as multidimensional IRT models (Liu et al.,
2019; B. Wang et al., 2025) or specialized mixture models (Nagy & Ulitzsch, 2022;
C. Wang & Xu, 2015). These models account for RG on the response level while fac-
toring in the relationship of RG and ability and may thus offer improved accuracy in
handling RG effects. Finally, incorporating further process data, such as item nonre-
sponse and text-reread, could provide a more comprehensive understanding of test-
taking behavior and enhance the precision of RG adjustments in LSAs (see Welling
et al., 2024, for an example).

Conclusion

This study examined the impact of RG on group comparisons based on PVs and
evaluated different approaches of accounting for RG in PV estimation. While a simu-
lation study systematically varied RG rates, true ability difference, and variations in
RG prevalence between groups to assess whether the bias of RG on the group com-
parisons can be minimized by using different approaches of accounting for RG in
PV estimation, an empirical study subsequently demonstrated that these approaches
are applicable in practice. The results indicate that ignoring RG leads to systematic
underestimation of ability differences, particularly when RG rates are high, the true
ability difference is large, and the more able group engages in more RG. Models that
accounted for RG at the response level, either alone or in combination with person-
level adjustments, significantly improved estimation accuracy, though slight over-
and underestimations of ability differences remained in some conditions. Person-
level adjustments alone showed little advantage over the baseline model that ignored
RG. Furthermore, the choice of threshold method influenced model performance,
stressing the importance of thorough threshold selection.

These findings emphasize the necessity of incorporating RG adjustments in PV
estimation to avoid biased group comparisons with potential consequences for educa-
tional policies and decision-making. They further indicate that accounting for RG
solely on the person level with a proxy for RG does not suffice in attenuating the
bias induced by RG. Future research should explore additional background covari-
ates, refined thresholding techniques, and alternative modeling approaches, such as
multidimensional IRT or integration of additional process data, to further improve
RG adjustments in LSAs.
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Abstract

Background. The lack of consequences for test-takers in educational large-scale assessments
can lead to rapid guessing, a test-taking behavior characterized by unusually short response times.
Despite its potential threat to the validity of assessment outcomes, little is known about rapid guessing
among elementary school students. Because children differ in their cognitive development from older
individuals, the generalizability of findings from older samples is questionable. Therefore, the current
study investigated the prevalence, predictors and consequences of rapid guessing among children in
elementary school.

Methods. The two-wave study is based on data from the German National Educational Panel
Study (N = 1,887) including a reading and a mathematics assessment in Grades 2 (n = 1,512) and 4
(n=1,470). Rapid guessing was identified using visual inspection methods in the Grade 2 mathematics
assessment and two normative thresholds (NT10 and NT20) in all other assessments; rapid guesses
were scored as missing. Mixed effects logistic regressions were conducted to determine predictors of
rapid guessing. Its consequences were operationalized as the impact on ability group comparisons. The
estimated ability difference was compared between the filtered and unfiltered data using bootstrap
confidence intervals.

Results. The prevalence of rapid guessing was generally low but differed substantially between
assessments (Grade 2: 3.3% in reading, 0.8% in mathematics; Grade 4: 0.5% in reading, 0.4% in
mathematics). Test performance estimated solely with engaged responses was negatively related to
rapid guessing across assessments, while gender and socio-economic status were no significant
predictors. Accounting for rapid guessing did not affect the estimated ability differences between girls
and boys or children with low and high parental socio-economic status in any of the assessments.

Conclusions. The findings support previous research indicating that rapid guessing may be less
common among elementary school children than among older populations. However, test and
assessment characteristics seem to have a strong influence on the occurrence of rapid guessing in this

age group. Even when some rapid guessing was present, it did not affect ability comparisons between
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subgroups. Only proficiency but not socio-demographic characteristics could be confirmed as a
predictor of rapid guessing among children.
Introduction

Educational large-scale assessments (LSAs), such as the Programme for International Student
Assessment (PISA) or Programme for the International Assessment of Adult Competencies (PIAAC),
assess competencies across different age groups and subpopulations, thereby informing policies and
educational decisions. However, because these low-stakes assessments do not have personal
consequences for the test-takers, they may not invest their best effort while responding to the test
items. In extreme cases, test-takers may even guess the response without properly reading the item —
a behavior known as rapid guessing, since the responses are typically characterized by unrealistically
short response times and an accuracy rate close to chance level (Wise, 2017). Because such responses
do not reflect the test-taker’s true ability, rapid guessing poses a threat to the validity of inferences
based on competence assessments (Rios et al., 2017, 2022). For instance, if subpopulations (e.g., boys
and girls) differ in their rapid guessing behavior, estimates of achievement gaps between these groups
may be distorted (e.g., Welling et al., 2026), threatening the validity of such comparisons.

To identify potential threats to the validity of assessments, it is crucial to examine subgroup
differences in the prevalence of rapid guessing as well as its impact on assessment outcomes such as
ability group comparisons. While numerous empirical studies have investigated these aspects in
adolescent and adult samples (e.g., Goldhammer et al., 2016; Kroehne et al., 2020; Michaelides &
Ivanova, 2022; Rios & Soland, 2022), rapid guessing in children is less well understood. Since children
differ from older individuals in their cognitive development (Piaget, 2016; see also Borgers et al., 2000),
their rapid guessing behavior may differ as well. For example, children’s overconfidence (Van Loon et
al., 2017; Xia et al., 2024) and limited capacity for strategic and prospective thinking (Lombardi et al.,
2017) could lead to increased test-taking engagement. Initial empirical findings suggest that rapid
guessing may indeed be less prevalent in elementary school students (Jensen et al., 2018; Kuhfeld &
Soland, 2020; Soland & Kuhfeld, 2019), raising questions about the generalizability of findings based

on older samples.
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The current study aims to address this gap by investigating the prevalence, predictors, and
impact of rapid guessing behavior in elementary school students. Following an overview of rapid
guessing behavior with its determinants and consequences, we present an empirical study based on
data from the German National Educational Panel Study (NEPS; Blossfeld & RofRbach, 2019) with
reading and mathematics assessments in Grades 2 and 4. Finally, we discuss the results and their
implications for LSAs involving child samples.

Rapid Guessing: Definition, Prevalence, Predictors, and Consequences

In low-stakes assessments, test-takers typically face no direct consequences for their
performance. Therefore, not all examinees are motivated to respond to every item with their best effort
(Schnipke & Scrams, 1997; Wise & DeMars, 2005; Wise & Smith, 2011). Test-taking behavior is usually
divided into solution behavior, where examinees respond thoughtfully and to the best of their abilities,
and disengaged responding, where responses are given superficially or even without fully processing
the question (Schnipke & Scrams, 1997). Rapid guessing is a common form of disengaged responding
where the test-taker responds so quickly to an item that it seems implausible that they have properly
read and processed the item (Wise, 2017).

Two theoretical frameworks can explain the occurrence of rapid guessing: the expectancy-value
theory as summarized by Eccles and Wigfield (2002) and the demands-capacity model by Wise and
Smith (2011). According to expectancy-value theory, motivation depends on both the expectancy of
success and the perceived value of the task (Eccles & Wigfield, 2002). Thus, test-takers will invest effort
if they believe performing well is important and achievable. In low-stakes tests, however, the task value
can be limited as the performance on the test has no consequences for the test-taker (Ekl6f, 2010; Wise
& Demars, 2010), leading to a lack of test-taking motivation. While some empirical studies support this
theory (LaFave et al., 2022; Penk & Schipolowski, 2015), others do not (Baumert & Demmrich, 2001;
Pools & Monseur, 2021), indicating that it cannot fully explain test-taking motivation.

The demands-capacity model (Wise & Smith, 2011), on the other hand, focuses not only on the
examinee, but also on test characteristics to explain low test-taking effort. The model assumes that

test-taking effort depends on a combination of both the examinee’s willingness and ability to respond
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effortfully (i.e., effort capacity) as well as the required amount of effort for solving an item correctly
(i.e., resource demands). In low-stakes tests, the examinees can be less willing to invest effort, leading
to reduced effort capacity, which in turn can diminish their actual test-taking effort. Empirical studies
support the model, showing that test-taking motivation indeed depends on both item and person
characteristics (Goldhammer et al., 2016; Michaelides & Ivanova, 2022; Rios & Soland, 2022).

Previous research has demonstrated that rapid guessing is indeed a prevalent issue in low-
stakes assessments (Goldhammer et al., 2016; Kroehne et al., 2020; Michaelides & Ivanova, 2022;
Soland & Kuhfeld, 2019). Rapid guessing rates can be reported at the examinee, item, or response (i.e.,
item-by-examinee) level. In a meta-analysis by Rios and colleagues (2022), approximately 7% of the
responses were, on average, classified as rapid guessing, while around 28% of the examinees engaged
in rapid guessing on at least one item in the test. However, reported rates vary considerably, as they
depend heavily on test (e.g., domain, setting) and sample (e.g., country, age) characteristics as well as
the methods used to identify and handle rapid guessing (Kroehne et al., 2020; Michaelides & Ivanova,
2022; Rios & Soland, 2022; Soland & Kuhfeld, 2019). For instance, Goldhammer and colleagues (2016)
reported response-level rapid guessing rates ranging from 0% to 8% in PIAAC, depending on the country
and test domain.

Several item (e.g., position, type) and person characteristics (e.g., gender, socio-economic
status [SES]) have been shown to be related to rapid guessing (Goldhammer et al., 2016; Michaelides
& Ivanova, 2022; Rios & Soland, 2022; Soland, 2018; Wise et al., 2021). Most notably, rapid guessing
seems to be strongly associated with proficiency, with less proficient individuals generally engaging in
more rapid guessing than their more proficient peers (Silm et al., 2020). While identifying predictors
on the item or test level is important for designing tests that encourage examinees to invest effort into
their responses, person-level predictors are critical for identifying potential threats to the validity of
assessment outcomes such as ability group comparisons.

Since rapid guessing can be quite prevalent in some assessments, it is important to determine
its actual impact on assessment outcomes. Because randomly guessed responses should be, on

average, less likely to be correct than engaged ones, proficiency estimates compromised by rapid
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guessing could be systematically underestimated. In fact, a meta-analysis by Rios and colleagues (2022)
concluded that proficiency estimates are, on average, underestimated by 0.13 standard deviations
when not accounting for rapid guessing. A simulation study by Rios and colleagues (2017)
demonstrated that the distortion depends on both the rapid guessing rate and test difficulty, with
significant downward distortion (Cohen’s d > 0.20) when rapid guessing exceeded 6% on the easy test,
or 12% on the moderate or difficult tests.

However, average score distortion is no meaningful measure for the actual impact of rapid
guessing. Because educational LSAs provide information on the population level rather than on the
individual level, the important aspect is differential score distortion — that is, are the proficiency
estimates of some subpopulations (e.g., adolescents, boys) more distorted than others? Only
differential score distortion can lead to biased assessment outcomes such as ability comparisons,
development across time, or predictors of proficiency. For example, if one subpopulation (e.g., boys) is
less engaged than others (e.g., girls), the proficiency estimates for the less engaged group may be more
severely underestimated, resulting in biased achievement gap estimates or incorrect school or country
rankings. Some studies suggest that the impact on assessment outcomes may be rather limited with
only minimal effects on achievement gaps, school rankings, school effectiveness, and summer learning
loss, even when the rapid guessing rates vary greatly between the subpopulations (Kuhfeld & Soland,
2020; Soland, 2018; Wise et al., 2020). Since findings are still rather scarce and inconclusive, it is crucial
to provide more evidence on the effects of rapid guessing on educational and inequality outcomes.
Rapid Guessing in Elementary School Students

So far, most findings on rapid guessing are based on adolescent or adult samples (Goldhammer
et al., 2016; Kroehne et al., 2020; Michaelides & Ilvanova, 2022; Welling et al., 2024; Wise et al., 2021),
while less is known about it in younger populations. This raises the question of whether existing
findings on rapid guessing can be generalized to children.

Certain theoretical arguments suggest that rapid guessing may be less prevalent among
children than among older populations. For instance, elementary school students tend to be more

overconfident in their abilities (Van Loon et al., 2017), an effect which declines with age (Xia et al.,
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2024). This heightened confidence may increase their expectancy of success and effort capacity in
competence assessments. In addition, strategic and prospective thinking is more developed in
adolescents and adults than in younger children (Lombardi et al., 2017). Older test-takers may
therefore be more aware of the low stakes of the test and make more deliberate decisions about how
much effort to invest, potentially reducing both the perceived task value and their willingness to engage
fully. However, there are also reasons to expect higher rates of rapid guessing among children.
Compared to older individuals, children possess shorter attention spans (Simon et al., 2023), which
further decline during testing (Betts et al., 2006). If assessments are not specifically designed to
accommodate their limited attentional capacity, children may perceive tasks as more demanding,
which could result in rapid guessing.

Despite these differences, only few studies have reported rapid guessing rates among children
across different age groups. The available evidence points towards increasing rates of rapid guessing
from primary to secondary school (Jensen et al., 2018; Kuhfeld & Soland, 2020; Soland & Kuhfeld, 2019;
Svetina Valdivia et al., 2023; Wise & Kingsbury, 2022). For example, Jensen and colleagues (2018)
reported that about 1-2% of third graders engaged in rapid guessing, while the respective share
increased to 7-12% among eighth graders. Soland and Kuhfeld (2019) identified an increase in rapid
guessing rates between Grades 2 and 8 from about 0-1% to 8-23%. Taken together, these results
suggest that rapid guessing may in fact be relatively uncommon among elementary school students
but may become more prevalent during adolescence, when test-taking engagement tends to decline.
This raises important questions about the generalizability of findings based on older individuals,
particularly those from adolescent samples (e.g., PISA).

Not only the prevalence of rapid guessing but also its influencing factors may change with age.
For instance, rapid guessing behavior may be less strongly associated with SES in children than in
adolescents, because the influence of parental SES on children tends to increase with age (Li et al.,
2025). Nevertheless, empirical evidence on predictors of rapid guessing in children remains scarce.
Svetina Valdivia and colleagues (2023) descriptively compared rapid guessing rates across different

subgroups. They found that boys, less proficient children, and children who were not eligible for free
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lunch at school (a proxy for SES) exhibited more rapid guessing than their peers. While the findings on
gender and proficiency align with patterns observed in older samples, the result regarding SES is
somewhat unexpected: children from lower SES backgrounds were more engaged than those from
higher-status groups, contradicting trends typically found in older populations.

Since the impact of rapid guessing on assessment outcomes depends — among other factors —
on the rapid guessing rate itself (e.g., Rios et al., 2017), the extent of its distorting effects may be
considerably lower in elementary school students than in older samples. Moreover, potential biases
depend strongly on the relationship between rapid guessing and proficiency (Wise, 2020). If this
relationship were weaker or stronger in younger children, the effect of rapid guessing on assessment
outcomes could also diverge from what has been observed in older test-takers. So far, two U.S. studies
in classroom-based assessments have reported that the effect of rapid guessing on teacher value-
added estimates and educational effectiveness metrics in older children was negligible (Jensen et al.,
2018; Kuhfeld & Soland, 2020). However, evidence remains scarce, highlighting the need for studies to
replicate these findings in younger samples and different assessment settings.

To summarize, children’s tendencies to engage in rapid guessing may be linked to their
developmental stage, thereby also affecting its predictors and impact on the validity of assessment
outcomes. Yet empirical research on this age group remains limited, with existing studies largely
confined to U.S. samples and classroom-based testing contexts. To address this gap, the current study
examines predictors and consequences of rapid guessing in a German sample of elementary school
students in an individual assessment setting.

Research Questions and Hypotheses

This study seeks to improve the understanding of rapid guessing behavior in elementary school
students by investigating its prevalence, predictors, and impact on ability group comparisons.
Specifically, we address three research questions (RQ): (1) How does the prevalence of rapid guessing
change across elementary school? (2) Which person-level characteristics predict rapid guessing?, and
(3) To what degree does rapid guessing bias ability group comparisons (e.g., between girls and boys)?

This longitudinal two-wave study is based on a sample of German elementary school students who
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took a reading and a mathematics test in Grades 2 and 4. The specific hypotheses (H) addressed in the
study are as follows:

In line with prior studies (Jensen et al., 2018; Kuhfeld & Soland, 2020; Soland & Kuhfeld, 2019;
Svetina Valdivia et al., 2023; Wise & Kingsbury, 2022), we assume that older children (Grade 4) will
exhibit more rapid guessing behavior than younger children (Grade 2). Because of rapid cognitive
developments during this period (Betts et al., 2006; Piaget, 2016; Xia et al., 2024), with overconfidence
(Xia et al., 2024) decreasing and prospective thinking increasing (Lombardi et al., 2017), older children

may be more inclined to engage in rapid guessing than younger ones.

H1: The prevalence of rapid guessing increases between Grades 2 and 4.

Furthermore, rapid guessing rates may vary with person characteristics such as proficiency,
gender, and SES (Rios & Soland, 2022). Highly proficient individuals are typically accustomed to succeed
in tasks, which is associated with increased self-efficacy, higher outcome expectations, and more task
enjoyment (e.g., Schunk, 1995). They may thus possess high expectancy of success, task value, and
effort capacity, as well as perceive the task demands to be low, leading to heightened test-taking
engagement. Indeed, proficiency has consistently been found to negatively correlate with rapid
guessing behavior (Silm et al., 2020; Ulitzsch et al., 2021; Wise et al., 2020). Since younger children
generally tend to be highly confident in their abilities (Van Loon et al., 2017; Xia et al., 2024), this
relationship may be less pronounced in younger individuals. Because high proficiency is also linked to
greater task enjoyment, we still expect that proficiency is negatively associated with rapid guessing.

Gender differences in rapid guessing are usually explained by differences in socialization and
personality: agreeableness and conscientiousness are both more prevalent in females and related to
test-taking engagement (Demars et al., 2013). Accordingly, most previous studies have found boys and
men to engage in more rapid guessing than girls and women (Demars et al., 2013; Deribo et al., 2022;
Kroehne et al., 2020; Setzer et al., 2013; Soland, 2018; Wise et al., 2021). As gender differences in
personality traits do not seem to change significantly across childhood and adolescence (Slobodskaya

& Kornienko, 2021), we expect to replicate these findings in elementary school students.
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Parental SES shapes children’s developmental environments. For instance, parents with higher
SES provide more support for their children's academic development and select extracurricular
activities that further foster learning (e.g., Hemmerechts et al., 2017; Pfost & Heyne, 2023), resulting
in higher proficiency across domains (Li et al., 2025; White, 1982; Zhang et al., 2020). Even beyond
competence, SES may influence rapid guessing. Children with highly educated parents exhibit higher
self-efficacy (Han et al., 2014) and, consequently, may have a greater expectation of success and effort
capacity in competence assessments (Soland & Kuhfeld, 2019). Therefore, we expect that parental SES

is negatively related to rapid guessing behavior, even beyond the influence of proficiency.

H2: (a) Proficiency, (b) gender, and (c) SES predict test-taking engagement, with less proficient
children, boys, and children with a low SES exhibiting more rapid guessing than more proficient

children, girls, and children with a high SES.

The third research question concerns the impact of rapid guessing on ability differences
between subgroups (e.g., girls and boys). To answer this question, ability group differences are
compared between methods that ignore or account for rapid guessing. Because the estimated effect
may be attributed to both the actual effect of rapid guessing and the effect of the scoring method itself
(e.g., person-level filtering can lead to an upward bias in ability estimates; Rios et al., 2017), we refer
to it as the impact of accounting for rapid guessing. Since the impact depends —among others —on the
rate of identified rapid guesses (Rios et al., 2017), we expect that it will be smaller in younger children

(Grade 2) than in older children (Grade 4).

H3: The impact of accounting for rapid guessing on ability group comparisons increases

between Grades 2 and 4.

Methods
Sample and Study Design
The current study employed a two-wave longitudinal design using data from Starting Cohort 1
(Newborns) of the German National Educational Panel Study (NEPS; Blossfeld & RoBbach, 2019). The

NEPS assesses competence development and educational trajectories across the life span following a
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multi-cohort, multi-stage design. In Starting Cohort 1, a test battery including measures of reading
speed, reading comprehension, and mathematics was administered on tablets or computers in Grades
2 and 4. The assessments took place in an individually proctored setting. In Grade 4, trained
interviewers visited each child’s home and supervised the testing session in person. Due to COVID-19—-
related restrictions, the Grade 2 assessment was conducted under comparable conditions but with
remote proctoring via telephone.

Because the reading speed test differs significantly from other assessments in design and
presentation, only the reading comprehension and mathematics assessments were used for the
analyses. The longitudinal sample comprised 1,877 students who provided at least three valid
responses with corresponding response-time information in one of the four competence assessments.
However, only 1,204 students participated in both reading assessments and 1,190 in both mathematics
assessments. Overall, 50.0% of the students were girls and 48.3% of the students had at least one
parent with a university degree. The students were, on average, 8.29 years old (SD = 0.13) in Grade 2
and 10.23 years old (SD = 0.14) in Grade 4. Descriptive information for the subsamples of the four
competence assessments is presented in Table 1.

Instruments and Measures
Reading Competence Test

Early reading comprehension was assessed in Grades 2 and 4 with the text comprehension
subscale of the ELFE-Il test (Lenhard et al., 2017), a widely used instrument designed for children from
first to seventh grades. In both grades, the test was presented second in the test battery, following the
reading speed assessment. It consisted of 26 multiple-choice items based on 17 short texts, each
comprising two to seven sentences. For each item, students selected one of four response options by
tapping or clicking on the screen. Students could neither skip nor revisit items. The assessment was
limited to seven minutes. Following the test authors’ scoring rules (Lenhard et al., 2017), all items that

were not reached within this period were scored as incorrect.
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Mathematics Competence Tests

Mathematics competence was assessed in Grades 2 and 4 with two different tests specifically
developed for the NEPS. The framework and test development are described in Neumann et al. (2013).
Both tests were presented third in the test battery, following the reading speed and reading
comprehension assessments. They addressed five content areas: (a) space and shape, (b) change and
relationships, (c) data and chance, and (d) sets, numbers, and operations, as well as (e) units and
measuring. The tests comprised simple and complex multiple-choice items, which students could omit.

In Grade 2, the mathematics test consisted of 20 items, all administered to each student. Unlike
many other competence tests, the item questions were presented in spoken form via pre-recorded
audio, while the response options were displayed on the screen. An answer could only be provided
after the audio had finished. In Grade 4, mathematics competence was assessed using a multi-stage
test (Pohl, 2013) that presented different items depending on the responses during the test. The first
stage consisted of eight items and was administered to all students. Based on their performance in the
first stage, students were assigned to an easy, medium, or difficult second stage, each consisting of
eight items. Thus, each student completed a total of 16 items. Both the questions and response options
were presented in text form. The tests were limited to 28 minutes for completion; items not reached
within this period were scored as missing.
Socio-Demographic Characteristics

Binary gender was assessed using parent-reports (diverse gender categories were not
included). Parental SES was operationalized using two indicators: educational attainment and
occupational status. Educational attainment was measured with the Comparative Analysis of Social
Mobility in Industrial Nations index (CASMIN; Brauns et al., 2003), which classifies the highest
educational qualification into nine categories ranging from 0 (no formal degree) to 8 (university
degree). Occupational status was assessed with the International Socio-Economic Index of Occupational
Status (ISEI-08; Ganzeboom et al., 1992), which measures the prestige of each occupation on a scale

ranging from 10 (e.g., garbage collector) to 98 (e.g., senior judge).
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For each indicator, the highest value of either parent (HCASMIN, HISEI) was used as the
measure of parental SES. Because HCASMIN is categorical and HISEI was not normally distributed, both
variables were dichotomized at the median for the analyses. Parental educational attainment was
classified as high when at least one parent held a university degree (HCASMIN = 8) and low otherwise.
Parental occupational status was classified as high when HISEI was greater than 72, corresponding to
occupations with upper-middle or higher status, and low otherwise.

Gender and both measures of parental SES were repeatedly assessed in Starting Cohort 1 of
the NEPS. For each child and their parents, the first available non-missing value for gender, CASMIN,
and ISEl up to Grade 4 was used in the analyses.

Item Response Time

Response times were computed from raw process data, which recorded when a test-taker
accessed each page. For each item, response time was defined as the total time the test-taker spent
on the corresponding item page.

Rapid Guessing

In the literature, a plethora of methods to identify and handle rapid guessing has been
proposed. To enable comparisons with previous findings on rapid guessing in adolescence and adult
samples, the current study uses the threshold-based method, which is the most widespread and
established approach for the measurement of rapid guessing (Rios & Deng, 2021; Silm et al., 2020). The
threshold-based approach assumes that rapid guesses are characterized by unusually short response
times. For each item, a response-time threshold is set to distinguish between rapid guessing and
solution behavior. If the item response time ¢;; of person i on item j is shorter than the item-specific
threshold p;, the engagement ¢;; is classified as rapid guessing (¢;; = 0), otherwise as solution

behavior (¢;; = 1):

0, lf tij < p]
¢ij € {1, lf tij > pj. (1)

This method requires the selection of appropriate thresholds. In the current study, we adopted

different threshold methods depending on the assessment’s characteristics. Due to the test design,
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some of the items in both reading and the Grade 4 mathematics assessments exhibited only few
responses (e.g., 67 in the last item of Grade 2 reading), rendering item-specific threshold selection
based on the visual inspection of response times or additional information (e.g., accuracy, item-total
correlation) impossible. Therefore, rapid guessing was identified using the normative threshold (NT)
method, which defines the threshold as a fixed proportion of the average item response time (e.g.,
10%; Wise & Ma, 2012). This approach determines thresholds based on item-specific response-time
information without relying on the observed response time distribution, making it suitable even for
contexts with few responses per item or infrequent rapid guesses. Because of its broad applicability, it
is among the most commonly used threshold approaches in the rapid guessing literature (e.g., Jensen
et al., 2018; Kuhfeld & Soland, 2020; Michaelides & Ivanova, 2022; Soland & Kuhfeld, 2019; Svetina
Valdivia et al., 2023). Because no threshold procedure perfectly classifies rapid guesses and the true
rapid guessing rate is unknown, it is essential to compare different threshold approaches in empirical
applications. The current study examined two thresholds for both reading and the Grade 4
mathematics assessments: NT10 (10% of average response time) and NT20 (20% of average response
time).

In the Grade 2 mathematics assessment, on the other hand, all items exhibited sufficient
responses for threshold selection based on visual inspection. Furthermore, because the children could
not select a response before the audio presenting the item was finished, this assessment contained no
short response times, rendering threshold selection not based on visual inspection (e.g., NT) difficult.
Therefore, rapid guessing was identified using the visual inspection of bimodality (VIB; Wise et al.,
2009) and the visual inspection of proportion of correct scores (VICS; Guo et al., 2016; Lee & Jia, 2014).
The VIB method assumes that response times in low-stakes assessments follow a bimodal distribution
with the first mode corresponding to rapid guessing and the second mode to solution behavior. The
threshold is set at the intersection of both modes. If no bimodal distribution was discernible, the
threshold was set to zero (meaning no rapid guessing). The VICS method, on the other hand, assumes
that disengaged responding is not only characterized by short response times but that the average

accuracy differs between rapid guessing and solution behavior. For rapid guessing, it should range
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around chance, whereas for solution behavior, it should be higher. Thus, response times are divided
into different response time bins (e.g., one second) and the average accuracy is computed for each bin
and plotted across the response time distribution. The threshold is set at the beginning of the first
response-time bin (e.g., 6 seconds for the (6;8] seconds bin) for which the average accuracy exceeds
chance level. However, because the average accuracy under rapid guessing does usually not correspond
exactly to chance (Wise, 2017), and because the average accuracy under solution behavior may also lie
below chance level, we defined the threshold in the current study as the beginning of the first response-
time bin for which the average accuracy fell above chance level plus 10 percentage points or below
chance level minus 10 percentage points. For example, in a multiple-choice question with five response
options (i.e., chance level = 20%), the threshold would be set at the start of the first response-time bin
for which the average accuracy exceeds 30% or falls below 10%. If the accuracy of the first response-
time bin lay already above or below these criteria, the threshold was set to zero (meaning no rapid
guessing). To prevent random fluctuations in accuracy due to small bin sizes, response times were
combined in two-second bins. The accuracy was computed if a bin contained at least five responses.
For each assessment, the thresholds were validated at the test level using three measures: (1)
comparing the accuracy rate between rapid guessing and solution behavior, (2) the overall accuracy
rate as a function of response time, and (3) comparing the item-total correlation between rapid
guessing and solution behavior. If classification were perfect, the accuracy for rapid guesses would
approach chance level, providing an estimate of the threshold’s classification performance
(Goldhammer et al., 2016; Wise, 2019; Wise & Gao, 2017). Similarly, overall accuracy should be near
chance for very fast responses and increase with longer response times. Plotting overall accuracy
against response time therefore offers an additional indication of threshold performance (Guo et al.,
2016; Lee & lJia, 2014). However, because this criterium is identical to the VICS method, it was only
used for the reading and Grade 4 mathematics assessments. The last criterium assumes that rapid
guesses provide no psychometric information and should therefore correlate only marginally with the
overall test performance (Goldhammer et al.,, 2016; Wise, 2019; Wise & Gao, 2017; Wise, 2019,

specifically suggests that rapid guessing can be assumed when r < 0.20). However, when the thresholds
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do not distinguish perfectly between rapid guessing and solution behavior but misclassify at least some
engaged responses as rapid guessing, the score of short response times may indeed be related to test
performance, because disengaged responses should be more often incorrect than engaged responses
and because disengaged test takers should perform, on average, worse than engaged test takers.
Furthermore, when the accuracy is close to 1 or 0, the correlation may be small even under solution
behavior due to the low variance in scores. Therefore, this criterium should be handled with caution.
Proficiency Estimates

After identifying rapid guesses, effort-moderated scoring (Wise & Demars, 2006) was applied,
which yields better parameter recovery than other scoring methods (Rios et al., 2017; Rios & Deng,
2024). This approach scores all rapid guesses as missing values before estimating respondents’
proficiencies. For each test and dataset (rapid guesses contained versus scored as missing), proficiency
scores were estimated as weighted likelihood estimates (WLE; Warm, 1989) using the one-parametric
logistic test model (Rasch, 1960), which is consistent with the ELFE and NEPS test designs (Lenhard et
al., 2017; Neumann et al., 2013).
Statistical Analyses

Data preparation and statistical analyses were conducted in R (Version 4.5.2; R Core Team,
2025), using the packages effectsize (Version 1.0.1; Ben-Shachar et al., 2020), boot (Version 1.3-32;
Canty & Ripley, 1999), and Ime4 (Version 1.1-37; Bates et al., 2015). The scored test data is available at
NEPS Network (2025), while the process data cannot be made publicly available due to legal
restrictions. The analysis code, results, and supplemental material are provided at

https://osf.io/q2ebk/.

The demographic data and the reading tests contained no missing values. Because small
numbers of missing responses do not introduce severe parameter bias in item response modeling (Rose
et al., 2010), missing data in the mathematics tests were ignored. As sensitivity analysis, statistical
analyses were conducted for both SES measures. The results for HCASMIN are reported in the main
part of the manuscript, while the results for HISEI are summarized at the end of the results section and

reported in detail in the supplemental material. Longitudinal analyses were conducted only for the
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reading domain, as the same test was administered in both grades. In contrast, the mathematics tests
differed substantially between Grades 2 and 4, meaning that differences in rapid guessing rates may
reflect test differences rather than true changes in test-taking behavior.

RQ1 and RQ2 were addressed using mixed-effects logistic regression analysis with a binary
response-level engagement indicator (0 = rapid guess, 1 = solution behavior) as dependent variable
and student as person-level grouping factor. To determine changes in rapid guessing behavior between
Grades 2 and 4 (RQ1), the engagement indicator of both reading tests was regressed on a wave
indicator (0 = Grade 2, 1 = Grade 4). To identify predictors of rapid guessing behavior (RQ2), the
engagement indicator was regressed on proficiency, gender, and SES for each assessment separately.
Proficiency was operationalized using the WLEs adjusted for rapid guessing. Effects were interpreted
using average marginal effects (Arel-Bundock et al., 2024) and Pseudo-R? (McFadden, 1974).

RQ3 concerns the effect of accounting for rapid guessing on ability comparisons across gender
and SES groups. This effect was determined using a three-step procedure. First, for each test and
dataset (based on either the original or corrected WLEs), we estimated the ability difference by
computing Cohen’s d with pooled standard deviation (Goulet-Pelletier & Cousineau, 2018) between
the two groups (girls vs. boys, or low vs. high SES). Group variances were assumed to be equal when
the ratio did not exceed 1.5 (Blanca et al., 2018). Second, for each test T, we determined the difference
between the estimates Ar= dr corrected — AT uncorrected, With a positive Ar indicating that the
estimated ability difference is more positive after accounting for rapid guessing. Third, the 95%
confidence intervals for Ay were computed using the bias-corrected and accelerated (BCa) bootstrap
method (Efron, 1987), which adjusts for potential bias and skewed distributions in the bootstrapped
estimates. We used 5000 bootstraps to ensure stable and precise interval estimates (Davison & Hinkley,
1997).

Results
Response-Time Thresholds
The average item response times in the reading domain varied between 9.36 and 59.03

seconds (Mdn = 23.16) in Grade 2 and between 9.55 and 33.34 seconds (Mdn = 19.49) in Grade 4. In
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the mathematics domain, average item response times ranged between 22.37 and 115.05 seconds
(Mdn = 46.48) in Grade 2 and between 29.2 and 87.96 seconds (Mdn = 57.70) in Grade 4. In the reading
and the Grade 4 mathematics assessment, thresholds were defined as 10% (NT10) or 20% (NT20) of
the average item response times. For example, in the reading assessment of Grade 2, the NT10
thresholds ranged between 0.94 and 5.90 seconds (Mdn = 2.32), while the NT20 thresholds ranged
between 1.87 and 11.81 seconds (Mdn = 4.63), see Tables S1, S2, and S4 in the supplemental material.
In the Grade 2 mathematics assessment, VIB thresholds were set at the intersection of the bimodal
response-time distribution and VICS thresholds at the time when the average accuracy considerably
exceeded chance level. For all items, no clear bimodal distribution was discernible, but few extremely
short response times (identified as outliers in the histogram) were classified as disengaged on some
items. Average accuracy of the shortest responses ranged only in two items around chance level.

The thresholds were validated at the test level using three measures: (1) comparing the
accuracy rate between rapid guessing and solution behavior (Table 2), (2) the overall accuracy rate as
a function of response time (Figure 1), and (3) comparing the item-total correlation between rapid
guessing and solution behavior (Table 2). Except for the VIB thresholds in the Grade 2 mathematics
assessment, the accuracy rate of solution behavior was substantially higher than that of rapid guessing.
In the Grade 2 reading assessment, the accuracy rate among rapid guesses identified by the NT20
thresholds was closer to chance level than the accuracy rate based on the NT10 thresholds. In the
Grade 4 reading assessment, the NT10 thresholds did not detect any rapid guesses, whereas the NT20
thresholds identified rapid guesses with an accuracy rate slightly higher than chance level (+ 9.9
percentage points). In the Grade 2 mathematics assessment, the accuracy rate for rapid guessing
resembled chance for the VICS method but was extremely high for the VIBS method. In the Grade 4
mathematics assessment, both threshold methods exhibited an accuracy rate of disengaged responses
close to chance level. These findings support the NT20 thresholds in the reading assessments, the VICS
thresholds in the Grade 2 mathematics assessment and both methods in the Grade 4 mathematics

assessment.
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Figure 1 shows that in both reading assessments and in the Grade 4 mathematics assessment,
accuracy rates were close to chance level for very short responses and increased with longer response
times. The plots also indicate that accuracy exceeded chance level at approximately 6—7 seconds in the
Grade 2 reading assessment, 4-5 seconds in the Grade 4 reading assessment, and 7—-8 seconds in the
Grade 4 mathematics assessment. When comparing these findings to the average threshold for each
method (Table 2), they support the NT20 thresholds for the reading assessments and the NT10
thresholds for the mathematics assessment.

The correlation between the score and overall test performance was higher for disengaged
responses than for engaged responses in all assessments except for Grade 2 reading. In the Grade 2
reading assessment, the correlation was comparable between disengaged and engaged responses
using the NT20 thresholds and substantially smaller for rapid guesses than for solution behavior using
the NT10 thresholds. This finding demonstrates that all thresholds except for the NT10 thresholds in
the Grade 2 reading assessment have probably misclassified at least some engaged responses as
disengaged. However, it does not show which proportion of the responses classified as rapid guesses
were in fact engaged.

Considering all validation measures and following Rios' (2022) recommendation to favor liberal
thresholds, we concluded that the NT20 method performed best in both reading assessments, the VICS
method in the Grade 2 mathematics assessment, and the NT10 method in the Grade 4 mathematics
assessment. For clarity, only the results of these primary threshold methods are presented in the main
text, while analyses using the second threshold method are included in the supplemental material as
sensitivity analysis. Because the VIB method did not seem to accurately classify test-taking
engagement, it was not included in further analyses.

Ability Estimates

In the Grade 2 reading assessment, the estimated WLE reliability was 0.88 for both models

ignoring and accounting for rapid guessing. In the Grade 4 reading assessment, it was 0.87 for both

models. In the mathematics assessments, the WLE reliability was estimated to be lower: In Grade 2, it
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was 0.73 for the model ignoring and 0.72 for the model accounting for it, whereas in Grade 4, the
reliability was 0.58 for the model ignoring rapid guessing and 0.57 for the model accounting for it.

In the Grade 2 reading assessment, the ability estimates of the model ignoring rapid guessing
correlated nearly perfectly with the ability estimates of the model accounting for rapid guessing, r =
.99. In all other assessments, the correlation between the ability estimates was perfect, r = 1.00. Figure
2 illustrates that accounting for rapid guessing could lead both to slight over- and underestimations of
individual ability estimates. In summary, accounting for rapid guessing had barely any effect on the
estimated ability.

Prevalence of Rapid Guessing

In the mathematics assessments, 0.8% of the responses were identified as rapid guesses in
Grade 2, compared to 0.4% in Grade 4. Because the assessments differed in test design and
identification method, differences in test-taking engagement may not only be attributed to age
differences, but also to differences in test characteristics or classification accuracy. In the reading
assessments, 3.3% of the responses were identified as rapid guesses in Grade 2, while 0.5% rapid
guesses were identified in Grade 4. To test H1 for the reading domain, a mixed-effects logistic regression
with test-taking engagement as response-level dependent variable and student ID as person-level
grouping factor was conducted (Tables 4 and 5). In total, 89% of the variance in test-taking engagement
could be attributed to person-level differences. The predictor (Grade) explained 3% of the variance in
test-taking engagement. Contrary to H1, being in Grade 4 did not go along with lower test-taking
engagement, b = 2.05, z = 16.04, Pone sidzed = 1.000. The estimated marginal probabilities of engaging in
solution behavior differed by 0.02 percentage points (z=3.24, Pone sided = .999) between the two grades,
meaning that being in Grade 4 was associated with 0.02 percentage points higher probability of
engaging in solution behavior. In summary, the prevalence of rapid guessing varied considerably
between all four assessments but did not increase between Grades 2 and 4 in the reading assessments.
Predictors of Rapid Guessing

Descriptively, girls and children with at least one parent with a university degree were more

engaged than boys or children with no parent with a university degree (Table 3). Depending on the
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domain and grade, 0.2% to 2.6% of the girls’ responses were identified as rapid guesses, compared to
0.5% to 4.0% of the boys’ responses. The rapid guessing rates of children with no parent with a
university degree ranged between 0.6% and 4.4%, whereas the rates of children with at least one
parent with a university degree ranged between 0.2% and 2.3%. To test H2, a mixed-effects logistic
regression with test-taking engagement as response-level dependent variable and student ID as
person-level grouping factor was conducted for each assessment separately (Tables 4 and 5).

The estimated intraclass correlations showed that 88%, 94%, 30% and 95% of the variance in
test-taking engagement could be attributed to person-level differences, for the Grade 2 reading, Grade
4 reading, Grade 2 mathematics, and Grade 4 mathematics assessments, respectively. Altogether, the
predictors explained 7% of the variance in test-taking engagement in the Grade 2 mathematics
assessment, compared to 2% in the Grade 4 mathematics and 1% in both reading assessments.
Supporting H2a, proficiency was a significant predictor of test-taking engagement across assessments
(Grade 2 reading: b = 0.26, z = 3.19, p < .001; Grade 4 reading: b = 0.40, z = 2.12, p = .017; Grade 2
mathematics: b = 0.48, z = 6.71, p < .001; Grade 4 mathematics: b = 1.13, z = 2.91, p = .002). In the
Grade 2 reading and mathematics assessments, a one-unit increase in proficiency went along with a
0.01 or 0.05 percentage points increase in the probability of engaging in solution behavior, respectively
(reading: z=2.04, p =.021; mathematics: z=4.23, p <.001). In the other two assessments, the marginal
effects were not significant. In contrast to H2b and H2c, gender and SES were not significant predictors
of test-taking engagement across assessments. In summary, only proficiency predicted rapid guessing
behavior, although the effect was rather small across all assessments.

Impact of Accounting for Rapid Guessing

The estimated ability differences and their standard errors for all four assessments and for the
two different methods (ignoring rapid guessing vs. accounting for it) are displayed in Figure 3. In the
Grade 2 reading assessment, no significant difference between girls and boys was found when ignoring
rapid guessing, d = —0.06 [Cl 95%: —0.16, 0.05], or when accounting for it, d = —-0.05 [Cl 95%: —0.15,
0.06]. Accounting for rapid guessing slightly underestimated the ability difference by A = 0.01 [Cl 95%:

0.00, 0.02], but the effect was minimal and not significant. In the Grade 4 reading assessment, girls
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were estimated to outperform boys when ignoring rapid guessing, d =—0.13 [Cl 95%: —0.24, -0.03], and
when accounting for it, d = -0.14 [Cl 95%: —0.24, —0.03]. There was no effect of accounting for rapid
guessing, A = 0.00 [Cl 95%: 0.00, 0.00]. In the Grade 2 mathematics assessment, boys outperformed
girls by d =0.22 [CI 95%: 0.12, 0.32] for both methods, yielding no effect of rapid guessing. In the Grade
4 mathematics assessment, the ability difference was d = 0.17 [Cl 95%: 0.07, 0.28] when ignoring rapid
guessing and d =0.18 [Cl 95%: 0.08, 0.28] when accounting for it. Accounting for rapid guessing slightly
overestimated the ability difference by A = 0.01 [Cl 95%: 0.00, 0.02], but the effect was marginal.

Across all assessments, children with at least one parent with a university degree performed
better than children with no parent with a university degree. In the reading assessments, the estimated
ability difference was d =-0.27 [Cl 95%: —0.37, —0.17] in Grade 2 and d = —0.46 [Cl 95%: —0.56, —0.36]
in Grade 4 for both methods. Therefore, there was no effect of accounting for rapid guessing in Grade
2, A = 0.00 [ClI 95%: —0.01, 0.02], or in Grade 4, A = 0.00 [Cl 95%: —0.00, 0.00]. In the Grade 2
mathematics assessment, the ability difference was d = —0.35 [Cl 95%: —0.45, —0.25] using both
methods, yielding no effect of rapid guessing. In the Grade 4 mathematics assessment, the estimated
ability difference was d =—-0.54 [Cl 95%: —0.64, —0.44] when ignoring rapid guessing or when accounting
for it. The effect of accounting for rapid guessing was not significant, A = 0.00 [CI 95%: —0.00, 0.01].

In summary, accounting for rapid guessing did not affect the estimated ability difference in any
of the four assessments for neither gender nor parental SES. Therefore, the impact did not increase
between Grades 2 and 4. H3 was thus not supported and did not need to be further tested.
Sensitivity Analysis

Sensitivity analyses using HISEI as an alternative indicator of parental SES yielded results that
were highly comparable to those obtained with HCASMIN. HISEI was not a significant predictor of test-
taking engagement in any of the assessments (Tables S5 and S6). Likewise, accounting for rapid
guessing did not meaningfully alter the estimated ability differences between children with high and
low HISEI (Table S7).

In the reading assessments, the NT10 method could identify some rapid guesses in Grade 2

compared to no rapid guesses in Grade 4. In the mathematics assessments, the NT20 thresholds



RAPID GUESSING IN ELEMENTARY SCHOOL — PREPRINT 23

identified roughly twice as many rapid guesses as the NT10 thresholds in Grade 4, whereas the VIB
thresholds could not accurately classify test-taking engagement in Grade 2. To test the robustness of
the results, RQ2 and RQ3 were re-analyzed using the second threshold method in the Grade 2 reading
and Grade 4 mathematics assessments. The findings were nearly identical to those obtained with the
primary threshold method (see Figure S1 and Tables S8 to S10 in the supplemental material). Across
both assessments, proficiency was the only significant predictor of test-taking engagement. Moreover,
accounting for rapid guessing did not affect the estimated ability differences across genders or SES-
groups.
Discussion

Although rapid guessing has been widely studied over the past two decades, most evidence is
based on adolescent or adult samples (e.g., Goldhammer et al., 2016; Kroehne et al., 2020; Michaelides
& lvanova, 2022; Wise et al., 2021), while research in younger populations remains scarce. The current
study addressed this gap by investigating the prevalence, predictors, and impact of rapid guessing in a
sample of German second and fourth graders who took reading and mathematics assessments.
Because the mathematics tests differed across measurement occasions, longitudinal analyses were
limited to the reading domain.
Prevalence of Rapid Guessing

Overall, estimated rapid guessing rates in Grades 2 and 4 were low compared to those reported
in adolescent or adult samples (Rios et al., 2022), which aligns both with our theoretical assumptions
and previous findings on test-taking engagement of children (Jensen et al., 2018; Kuhfeld & Soland,
2020; Soland & Kuhfeld, 2019; Svetina Valdivia et al., 2023; Wise & Kingsbury, 2022). Whereas a
substantial amount of rapid guessing was identified in the Grade 2 reading assessment, all threshold
methods estimated that less than 1% of the responses were rapid guesses in the other assessments.
Difficulties in the threshold selection based on visual inspection and the high score-total correlations
among rapid guesses indicate that the actual prevalence may have been even lower than the results
suggest. Because the prevalence varied between assessments, test-taking engagement among children

may also depend on assessment characteristics such as test design and setting.
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In contrast to Hypothesis 1, rapid guessing did not increase between Grades 2 and 4 in the
reading domain. We see two plausible explanations for this finding. First, although test-taking
engagement may generally decrease with age as cognitive development advances, the difference
between second and fourth graders may be too small to detect. Previous studies that report decreasing
rapid guessing rates across childhood and adolescence found only minimal descriptive differences in
younger children, with substantial increases typically emerging around puberty (Jensen et al., 2018;
Kuhfeld & Soland, 2020; Soland & Kuhfeld, 2019; Svetina Valdivia et al., 2023).

Second, descriptive results for the Grade 4 reading assessment showed that (a) accuracy rates
were extremely high and (b) average item response times were very short, suggesting that this test
may have been very easy for most of the fourth graders. Easier items tend to elicit less rapid guessing
(Goldhammer et al., 2017), which may explain the lack of an age effect. Moreover, short response times
led to very low response-time thresholds in Grade 4, making rapid guesses difficult to detect and
potentially increasing misclassifications. This finding highlights a potential limitation of the NT method:
when average response times are extremely short or long, thresholds may become unrealistic and
classification accuracy may suffer.

In summary, the findings suggest that rapid guessing is generally less common among
elementary school children, with their test-taking engagement depending strongly on test
characteristics as well as the fit between sample, test, and identification method.

Predictors of Rapid Guessing

In line with Hypothesis 2a, mixed-effects logistic regressions revealed that proficiency was a
significant predictor of test-taking engagement across all assessments. Highly proficient individuals
exhibited less rapid guessing than their peers, even though the effects were small. This result is
consistent with findings from older samples (Silm et al., 2020; Ulitzsch et al., 2021; Wise et al., 2020)
and supports the assumption that higher proficiency is associated with greater task enjoyment and
motivation, even among young children.

Whereas proficiency was replicated as predictor of test-taking engagement, neither gender nor

SES significantly predicted test-taking engagement, thereby contradicting Hypotheses 2b and 2c.
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Consequently, gender and SES may indeed play a limited role in rapid guessing at this age. Although
descriptive (non-significant) results showed higher rapid guessing rates among boys and children from
lower-SES backgrounds, these differences might only become meaningful in later years (e.g., Deribo et
al., 2022; Kroehne et al., 2020; Wise et al., 2021). For example, the influence of parental SES increases
as children age (Li et al., 2025), and may be too weak in early elementary school to meaningfully affect
test-taking behavior. Additionally, situational factors such as test characteristics may be more important
than small individual differences.

The null effects may also be attributed to methodological causes. Many previous studies
reporting demographic differences in test-taking engagement rely purely on descriptive statistics
(Demars et al., 2013; Kroehne et al., 2020; Setzer et al., 2013; Soland, 2018; Wise et al., 2021), and
those using inferential methods typically report insignificant or negligible effects (Goldhammer et al.,
2016; Lindner et al., 2019; Rios & Soland, 2022). Thus, potential effects of gender and SES may be too
small to be statistically detectable. Moreover, rapid guessing was rare in the present study, which can
lead to an underestimation of effects due to rare-events bias (King & Zeng, 2001). The extremely small
marginal effects support this interpretation: although raw differences in rapid guessing rates between
demographic groups sometimes reached 2%, the estimated marginal probabilities of engaging in rapid
guessing differed by only about 0.02 percentage points. These results show that identifying predictors
of test-taking engagement in samples with very few rapid guesses can be statistically challenging.
Impact of Accounting for Rapid Guessing

Accounting for rapid guessing did not affect ability group comparisons between girls and boys
or children with low and high SES in either grade. Therefore, in contrast to Hypothesis 3, its impact did
not differ between Grades 2 and 4. While in the mathematics assessments and the Grade 4 reading
assessment the null findings could be attributed to the low prevalence in rapid guessing, in the Grade
2 reading assessment this interpretation seems unplausible. However, the null findings align with prior
research showing that although aggregated proficiency estimates may be to some degree distorted by
rapid guessing (Rios et al., 2017, 2022), the actual impact on assessment outcomes often remains small,

even when rapid guessing is non-negligible (Kuhfeld & Soland, 2020; Wise et al., 2020).
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Wise (2020) provides two reasons for these rather unintuitive findings. First, although some
rapid guessing may be prevalent, most of the students are engaged, minimizing the deleterious effect
of rapid guessing. Second, rapid guessing is usually strongly negatively related to proficiency (e.g., Silm
et al., 2020). As the probability of a correct response is — even for solution behavior — rather low for
less proficient individuals, the impact of rapid guessing on their proficiency estimates can be minimal
or — under certain conditions — even positive (Kuhfeld & Soland, 2020).

While Wise’s arguments explain why the impact of rapid guessing on aggregated scores may
be smaller than expected, they do not explain why they are even smaller in ability comparisons (e.g.,
by ranking or direct group comparisons). We argue that for detecting effects on comparisons between
subpopulations or measurement occasions, the differences in rapid guessing rates between the groups
need to be large (see also a recent simulation study by Welling et al., 2026), which may rarely occur in
practice. Moreover, less-engaged groups are often also less proficient, which in turn reduces the effect
of rapid guessing on proficiency estimates (Welling et al., 2026; Wise, 2020). In summary, the results
indicate that rapid guessing may not meaningfully distort assessment outcomes in younger
populations.

Implications for Research and Practice

The results support previous findings on test-taking engagement among elementary school
children, indicating that rapid guessing is relatively uncommon in younger populations (Jensen et al.,
2018; Kuhfeld & Soland, 2020; Soland & Kuhfeld, 2019; Svetina Valdivia et al., 2023; Wise & Kingsbury,
2022). Even when the children were partly disengaged, it did not affect ability group comparisons
between subgroups. This valuable insight suggests that the deleterious effects of rapid guessing may
be limited among elementary school children. However, because the occurrence of rapid guessing may
depend more on assessment characteristics than on age itself, and because other assessment
outcomes may still be affected, replication studies across different domains, settings, and outcomes
remain necessary.

The present study also illustrates that there is no “one size fits all” approach for determining

response-time thresholds. While some thresholding procedures are heuristic (e.g., common-k
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method), others require large sample sizes throughout the assessment (well into the thousands, e.g.,
identification based on score-total correlation), substantial rapid guessing rates, or specific response
time distributions (e.g., VIB). In the current study, different threshold-selection methods were used to
account for different test designs. Interestingly, the methods performed differently depending on the
assessment. For example, the NT approach determines thresholds based on the average item response
times, which may lead to unrealistic thresholds and increased misclassification when response times
are unusually short. This finding emphasizes the need to consider and compare several thresholding
approaches in empirical applications, using different validation methods to determine the best
response time thresholds for the data at hand.

Limitations and Future Directions

This study contributes to the limited literature on rapid guessing in children by investigating
the prevalence, predictors, and impact of rapid guessing in a longitudinal multi-domain study of
German second and fourth graders. In contrast to previous studies, the assessment took place in an
individually proctored setting. By not only determining the prevalence and predictors of rapid guessing,
but also its actual impact on ability group comparisons as an example of assessment outcomes, the
study contributes to an improved understanding of the validity of proficiency estimates in educational
LSAs.

Besides its considerable strengths such as the use of multiple competence domains
administered in a longitudinal design, the study also possesses some limitations. First, the design of
the study does not allow identifying test domain or setting effects. Because there was no rotation
design for the different test domains and because the tests used different time limits and response
formats, differences in rapid guessing behavior between the two test domains should be interpreted
only carefully. Moreover, the individually proctored setting of the assessments may have affected the
test-taking behavior of the students. In addition, the setting differed slightly between the two
measurement occasions due to COVID-19-related restrictions in the Grade 2 assessment, which may
have influenced test-taking engagement. Kroehne et al. (2020) demonstrated that rapid guessing rates

can indeed depend on the assessment setting, with students being more engaged in proctored, group-
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based settings than in un-proctored, group-based or online settings. However, to our knowledge, no
study so far has investigated the effect of individually proctored settings on test-taking engagement or
the effect of assessment setting in younger populations. Future studies should address this gap by
conducting experiments with randomized settings, including samples of different age groups.

Furthermore, the study comes along with some methodological limitations. First, proficiency
was operationalized as the rapid-guessing-adjusted test performance. Even though this approach
should eliminate most disengaged responses, it may be at least partly confounded with test-taking
engagement. The proficiency estimates will be based on at least some misclassified responses, and
children who rapidly guess on some items may be prone to be only partially engaged on other items.
However, in absence of high-stakes test results, the adjusted WLEs are the best estimates of true
proficiency, because parents’ or teachers’ assessments of a child’s proficiency were repeatedly shown
to be unreliable (Dollinger, 2013; Schmitt et al., 2022). Second, the rarity of rapid guessing may have
limited the precision of the estimated effects (King & Zeng, 2001). In assessments with few rapid
guesses (i.e., Grade 4 mathematics and reading), regression coefficients exhibited larger standard
errors, reflecting increased estimation uncertainty and reduced statistical power to detect potential
associations.

Even beyond these limitations, there are several possible directions for future research. The
current study focused on rapid guessing, because it is a widespread and well-investigated form of low
test-taking engagement (Kroehne et al., 2020; Rios et al., 2022; Rios & Soland, 2022; Schnipke & Scrams,
1997; Wise, 2017). However, recent research has shown that test-taking engagement may not be
dichotomous (either rapid guessing or solution behavior), but rather a more continuous construct
(Nagy et al., 2022; Wise & Kingsbury, 2022; Wise & Kuhfeld, 2021). Therefore, test-takers could not only
be either engaged or disengaged, but also partially engaged. Future studies could include partial
disengagement in their research questions, thus attaining a fuller picture of the prevalence and impact
of low test-taking engagement.

Furthermore, future studies could replicate the results using different identification and scoring

methods. While the present study applied a threshold-based approach due to its wide prevalence in
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the rapid guessing literature, future research could investigate the applicability of model-based
approaches (Leventhal & Pastor, 2023; Nagy & Ulitzsch, 2021; Ulitzsch et al., 2021) in child samples.
For example, the low prevalence rates in younger populations may lead to convergence problems in
mixture models.
Conclusion

While most research on test-taking engagement has focused on adolescent and adult samples,
less is known about rapid guessing in elementary school children. Because children differ from older
individuals in their cognitive development, findings from older samples may not be generalizable to
child samples. Therefore, the present study investigated the prevalence, predictors, and impact of rapid
guessing in a German sample of second and fourth graders. Results showed that the prevalence of
rapid guessing was generally low, although it varied considerably between assessments. Proficiency in
a test domain predicted test-taking engagement, with less proficient children exhibiting more rapid
guessing than their peers. Lastly, accounting for rapid guessing did not affect ability comparisons
between subgroups. The results indicate that in the end, rapid guessing may not pose a substantial
threat to the validity of LSAs with child samples. However, to be able to make reliable statements, the
results need to be replicated and extended to other assessment outcomes. In summary, this study
contributes to an improved understanding of both test-taking engagement in younger populations and

of the consequences for the validity of proficiency estimates in educational LSAs.
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Tables

Table 1

Sample Descriptives by Assessment

Grade Domain N N__ Re:ﬁ;’:se Age  Gender HCASMINt HISEIt

M (SD) M (SD) fer:f)ale % high % high

2 reading 1,537 20,758 éggg) (2?2) 50.2 50.9 53.1
4 reading 1,470 29,296 (1 ?;g) (100.'124'?; 50.7 49.7 50.9
2 math 1,512 29,366 (iggg) (2?2) 50.5 49.9 52.5
4 math 1,500 23,396 (232;) (10(?'124?; 50.5 49.5 50.5

Note. Response time is presented in seconds, and age in years. HCASMIN and HISEI are two

different measures of parental socio-economic status.

T HCASMIN is the highest parental Comparative Analysis of Social Mobility in Industrial Nations

index (CASMIN, Brauns et al., 2003), which classifies the highest educational qualification into

nine categories ranging from 0 (no qualification) to 8 (university degree). It was dichotomized at the

median (0 = no university degree, 1 = university degree; Mdn = 7).

T HISEI is the highest parental International Socio-Economic Index of Occupational Status (ISEI-

08, Ganzeboom et al., 1992), which assigns a numerical score to each occupation ranging from 10

(e.g., garbage collector) to 98 (e.g., senior judge). It was dichotomized at the median (0 = low

occupational prestige, 1 = high occupational prestige; Mdn = 73).
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Table 2

Threshold Descriptives and Validation

Do. Gr. Method Thresh. Solution Behavior Rapid Guessing
exp. actual ; exp. actual ;
M (SD) % % score. % % score.
correctt  correct tote! correctt  correct totat
NT10 >-64 52.3 21.0 0.25 20.0 23.3 0.33
(1.61)
2 11.29
NT2 ) . . . . . .
Re 0 (3.21) 52.5 21.0 0.25 23.6 22.3 0.34
2.02
NT1 . . .
. 0 (0.65) 89.2 25.0 0.22
4.03
NT2 . . . . . .
0 (1.30) 89.4 25.0 0.21 349 25.0 0.50
2.70
VICS 66.1 21.1 0.26 14.6 13.9 0.48
(8.47)
2 13.15
VIB ' 65.7 21.0 0.27 78.9 16.1 0.29
Ma (15.33)
NT10 2.43 79.5 25.0 0.29 20.7 25.0 0.05
(1.07)
4 4.87
NT20 ’ . 25. 2 24. 25. 27
(2.13) 80.9 5.0 0.28 9 5.0 0

Note. Do. = domain, Gr. = grade, Thresh. = thresholds, exp. = expected, Re = reading, Ma =
mathematics, NT10 = 10% normative threshold, NT20 = 20% normative threshold, VICS = visual
inspection of proportion of correct scores, VIB = visual inspection of bimodality. Thresholds are
reported in seconds.

T expected accuracy under random responding
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Table 3

Prevalence of Rapid Guessing per Group

Grade Domain Rapid Guesses per Group (in %)
Girls Boys Hckgmm Hciégl\: INt Hlfg\évu HTé%ETt
2 reading 2.6 4.0 4.4 2.3 4.7 2.2
4 reading 0.3 0.7 0.7 0.3 0.7 0.3
2 mathematics 0.8 0.9 1.0 0.7 0.8 0.9
4 mathematics 0.2 0.5 0.6 0.2 0.5 0.3

T HCASMIN is the highest parental Comparative Analysis of Social Mobility in Industrial Nations
index (CASMIN, Brauns et al., 2003), which classifies the highest educational qualification into
nine categories ranging from 0 (no qualification) to 8 (university degree). It was dichotomized at the
median (0 = no university degree, 1 = university degree; Mdn = 7).

¥ HISEI is the highest parental International Socio-Economic Index of Occupational Status (ISEI-
08, Ganzeboom et al., 1992), which assigns a numerical score to each occupation ranging from 10
(e.g., garbage collector) to 98 (e.g., senior judge). It was dichotomized at the median (0 = low

occupational prestige, 1 = high occupational prestige; Mdn = 73).
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Table 4

Results of Mixed-Effects Logistic Regression: Random Effects and Explained Variance

Pseudo-R?

2
Model Nooe N Icc SDrondom " ixed Psnga"l;R
Intercept effeCtS)
Longitudinal
. 1,839 50,054 0.89 5.27 0.03 0.90
Reading
Grade 2
. 1,470 20,578 0.94 7.19 0.01 0.94
Reading
Grade 4
. 1,537 29,296 0.88 4.81 0.01 0.88
Reading
Grade 2
. 1,512 29,366 0.30 1.18 0.07 0.35
Mathematics
Grade 4
1,500 23,396 0.95 8.00 0.02 0.95

Mathematics
Note. ICC = intraclass coefficient. Presented are the results of the mixed-effects logistic

regressions with test-taking engagement (0 = rapid guess, 1 = solution behavior) as response-level
dependent variable and student ID as person-level grouping factor. Pseudo-R?was estimated as

described in McFadden (1974). Fixed effects are displayed in Table 5.
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Table 5

Results of Mixed-Effects Logistic Regression: Fixed Effects

Model Regression Parameter AMEt
Predictor Estimate SE z pt Effect SE

Longitudinal Reading

Intercept 8.37 0.31 27.21 <.001

Grade 2.05 0.13 16.04 1.000 0.02 0.01
Grade 2 Reading

Intercept 7.81 0.40 19.60 <.001

Gender 0.41 0.30 1.38 .083 0.01 0.01

SES 0.23 0.30 0.76 .223 0.01 0.01

Proficiency 0.26 0.08 3.19 .001 0.01 0.00
Grade 4 Reading

Intercept 11.10 0.73 15.27 <.001

Gender 0.72 0.70 1.04 .150 0.00 0.00

SES 0.05 0.68 0.08 .469 0.00 0.00

Proficiency 0.40 0.19 212 .017 0.00 0.00
Grade 2 Mathematics

Intercept 5.33 0.19 28.59 <.001

Gender 0.30 0.15 1.95 .026 0.18 0.10

SES 0.08 0.15 0.54 .293 0.05 0.09

Proficiency 0.48 0.07 6.71 <.001 0.23 0.05
Grade 4 Mathematics

Intercept 11.50 0.78 14.70 <.001

Gender 0.85 0.75 1.13 .130 0.00 0.00

SES 0.14 0.76 0.18 429 0.00 0.00

Proficiency 1.13 0.39 291 .002 0.00 0.00

Note. AME = average marginal effect in percentage points, SES = socio-economic status.

Presented are the results of the mixed-effects logistic regressions with test-taking engagement
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(0 = rapid guess, 1 = solution behavior) as response-level dependent variable and student ID as
person-level grouping factor. SES was operationalized as the dichotomized highest parental
Comparative Analysis of Social Mobility in Industrial Nations index (HCASMIN, Brauns et al., 20083;
0 = no university degree, 1 = university degree). Gender was operationalized as boys (= 0) or girls
(=1). Random effects and explained variance are displayed in Table 4.

T Marginal effects are presented in percentages. They represent the change in the probability of the
dependent variable when the predictor is increased by one unit.

¥ p-values of predictors refer to one-sided hypothesis tests, while p-values of intercepts refer to

two-sided hypothesis tests; the significance level is a =.05.
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Figures
Figure 1
Accuracy Rate by Response Time
A . B .
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Note. Displayed are the accuracy rate (% correct, ) and frequency of responses (blue) per response

time bin (1 second) across all items of one assessment.
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Figure 2

Comparison of Ability Estimates Between Models Ignoring or Accounting for Rapid Guessing
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Note. RTE = response time effort. Displayed are the ability estimates of the models ignoring (x-axis) or

accounting for (y-axis) rapid guessing. Response time effort is defined as the test-takers’ average

engagement across the test (1 = engaged on all items, 0 = rapid guessing on all items).
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Figure 3

Estimated Ability Differences for Gender and Parental SES by Method
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Note. g2_math: Grade 2 mathematics; g2_read: Grade 2 reading; g4_math: Grade 4 mathematics; g4_read:
Grade 4 reading. Displayed are the estimated ability differences (Cohen’s d) with standard errors for the
model ignoring rapid guessing (blue) and the model accounting for rapid guessing by scoring all rapid
guesses as missing ( ). A: Ability difference between boys (= 0) and girls (= 1); B: Ability difference

between children without (= 0) and with (= 1) at least one parent with a university degree.
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