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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.   



 2 
 

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 & Ivanova, 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 
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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. 
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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 & Eklöf, 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 
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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 (Eklöf, 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 & Eklöf, 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 & Ivanova, 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). 
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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 
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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 𝑡𝑖𝑗  of person i on item j is shorter than the item-specific threshold 𝜌𝑗, the response 

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

𝜙𝑖𝑗 ∈ {
0,   𝑖𝑓 𝑡𝑖𝑗 < 𝜌𝑗
1,   𝑖𝑓 𝑡𝑖𝑗 ≥ 𝜌𝑗.

 (1) 

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; 
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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 & Jia, 

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.  
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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 𝜃𝑖 and the 

item difficulty 𝛽𝑗: 

𝑃(𝑌𝑖𝑗 = 1) =
exp⁡(𝜃𝑖 − 𝛽𝑗)

1 + exp⁡(𝜃𝑖 − 𝛽𝑗)
 (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 & Ivanova, 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 & Ivanova, 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, I 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 (Ivanova et al., 2020; Ivanova & Michaelides, 2023; Lundgren 
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& Eklöf, 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 (Ivanova & 

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; 

Wu, 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 



 22 
 

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 

questions, 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 (Ivanova & 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. Ivanova 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 & Eklöf, 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 I know the answer right away, I 

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 

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, I 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 & Eklöf, 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 & Roßbach, 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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