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Abstract

Assessing students with special educational needs (SEN) and slow learners is crucial in order
to derive fitting support and instructions but can be challenging for both test administrators and
examinees. Computerized adaptive testing (CAT) is an assessment technology with the chance
to meet those challenges. CATSs are particularly promising for students with SEN, as they have
the potential to more individualized and shorter measurements and better testing in low extreme
areas compared to traditional procedures. CATs are digitally conducted tests whose difficulty
level adapts to the examinees. This is done with the help of underlying adaptive algorithms that
re-estimate the examinee's ability after each answer and suggest the most suitable next item
based on that. This technology allows tests to be shortened with minimal impact on measure-

ment accuracy.

To investigate the benefits of CAT for student groups with heterogeneous abilities and partic-
ularly for students with SEN, three simulation studies are conducted in this work. All studies
are based on a sample of 400 students with (22.5%) and without (78.5%) SEN. On the part of
all students, 10.75% have intellectual disabilities, 7.75% have learning disabilities, and 3% have
speech impairments. The students have completed four subtests of a digital reading screening
which contain between 30 and 52 items. The results of the reading screening are used in the
three studies to answer the respective research questions.

Study 1 simulates a computerized adaptive reading screening for inclusive schools. Therefore,
simulations of CATs based on the subtests and generated data are done. Three different accu-
racy stopping rules, the test length and test accuracy are compared and further analyzed. Study
2 links the subtests to one screening CAT by incorporating the results of the previous subtest
as input for the following subtest. For this purpose, a fixed and a Bayesian-based starting rule
are compared based on real and generated data. Study 3 investigates the performance of a CAT
for students with and without SEN in detail. For this purpose, different performing student
groups are simulated separately under different conditions, and the performance of the CAT

measurements as well as the students’ response patterns are compared and analyzed.

The results indicate that students with SEN are measured more accurately and with a shorter
test length, approximately 4 items fewer than students without SEN. This effect, demonstrating
the greater effectiveness of adaptive testing for students with SEN compared to those without
SEN, remains consistent across item pools of different sizes, difficulty distributions, and vari-

ous starting rules. In the adaptive test, students with SEN make fewer overall incorrect



responses, although there is a slight decrease in the proportion of correctly solved items and a

slight increase in the proportion of incorrectly solved items.

In general, adaptive tests are 30% to 80% shorter than the initial non-adaptive tests. The degree
of test reduction depends on the size of the initial item pool. Smaller item pools, with around
30 items, result in a relatively smaller reduction in test length compared to larger item pools
with 50 or 100 items. However, when the accuracy of the adaptive test is used as the stopping
criterion, a shorter test length also leads to a decrease in test accuracy. Employing a higher
standard error in the measurement accuracy of the adaptive test yields shorter tests with fewer
items per test iteration, but it also results in slightly lower measurement accuracy. For small
item pools, a standard error of 0.3 has minimal impact and rarely shortens the test. With a
standard error of 0.5, depending on the size of the item pool, most test iterations can be con-

cluded with a significantly reduced test length due to the achieved accuracy.

A larger and uniform distributed item pool (n = 100) leads to an additional average reduction
of 6 items per subtest. Additionally, this item pool allows for a 30% increase in the number of
test runs that can be stopped based on their accuracy. For students in extreme areas, even when
individuals' abilities deviate several standard deviations from the mean, short measurements
can be ensured instead of having to select and process all items from a smaller and more tightly

distributed item pool until the test stops with slightly lower measurement accuracy.

The usage of a Bayesian-based starting rule, which incorporates previous test results and stu-
dent information as input for the subsequent measurement, as well as the use of an easier start
item, is not efficient and does not enhance the measurement in comparison to a starting rule

using a fixed item with medium difficulty.

To develop a digital and adaptive reading screening, the item pools of the non-adaptive reading
subtests can be utilized for further adaptation in terms of their psychometric quality, item pool
size, and difficulty distribution. As a starting point, | opted for an initial item with a difficulty
level of -1 to facilitate an easier test initiation for students with SEN. Subsequently, an estima-
tion and item selection process based on Bayes estimation and maximum Fisher information is
employed. The adaptive screening concludes once a measurement accuracy is attained, with a

standard error of 0.5.

This work demonstrates that CATs particularly benefit students with SEN and, therefore, are

useful for this target group. The opportunities and limitations of developing and using CATSs

for inclusive school tests are discussed. Furthermore, implications are drawn for the further

development of CATSs and their potential combination with artificial intelligence and digital
ii



learning environments. Additionally, the implementation of the adaptive reading screening is

considered.
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1 Introduction

“It’s April, and a class full of students is about to tackle the rigorous, high-stakes statewide
assessment. Last year they had all sharpened their number 2 pencils, sat down at their desks,
opened thick test booklets, and begun filling in the blanks on paper answer forms. This year,
these students are sitting in the school’s computer lab (...). Two of them, a visually impaired
boy and a girl who has severe dyslexia, wear headphones, working at computers that will read
the test aloud. (...) The computers immediately score students’ responses (...). Based on how a
student answers particular questions, the computer branches to harder or easier questions, an
adaptive process that yields more detailed information about what a student does or doesn’t
know. Because the tests are adaptive, students can also answer fewer questions than needed on
a traditional paper assessment, yet the test yields more specific results. When each student is
done, his or her test scores are automatically emailed to the teachers and principal.”
(Rabinowitz & Brandt, 2001, p. 3)

In 2001, Rabinowitz and Brandt described in this way their “vision of a more efficient and
informative assessment process”, which “sounds like a fantasy” (Rabinowitz & Brandt, 2001,
p. 4). Essentially, they were describing what is now known as Computerized Adaptive Testing
(CAT), which involves the use of algorithms to estimate student's abilities after each question
and then select the next question based on their ability level. It should be noted that their vision
also included considerations for students with disabilities, where the use of headphones was
just one possible hardware-based accommodation for testing. This indicates that CAT was seen
early on as providing opportunities for the assessment of students with various disabilities. In
this example, additional tools are used to adjust the testing. But actually it is adaptive testing
itself that has great potential for accurately measuring students with disabilities, as this work

also will show.

But why do you even need to assess those students? Since the introduction of the UN Conven-
tion on the Rights of Persons with Disabilities in 2008, students with disabilities have had the
right to be educated in an inclusive school setting. However, the enforcement of this right varies
from country to country (Carrington et al., 2019; Grynova & Kalinichenko, 2018; Spulber,
2015). Despite this, the ultimate goal remains the same: to provide support measures that fit
each student's unique special needs. Unfortunately, resources to support student learning are
often limited (Goldan & Schwab, 2020; Hayes & Bulat, 2017; Lindsay, 2003), making it diffi-
cult to provide every student with the same level of support. Those who require more intensive
support include students with disabilities or those at risk of developing disabilities. In order to

provide the necessary resources for these students, it is necessary to identify their difficulties
1



as soon as possible and as early as possible to counteract the wait-to-fail problem. To identify
these students or discern their exact level of learning, various types of educational assessments

are used (see 2.1).

Educational assessment differs both in the reasons for its implementation and in its methods:
On one hand, students are tested to diagnose a disability or disorder. This diagnosis is then used
to assign support locations or intensities of support (Reschly, 1996). This form of diagnostics,
while associated with student labeling, is necessary in the current school system to provide
resources in the first place. On the other hand, assessments are also used to evaluate students'
learning status and to derive support and tailored instructions from this (Bowen & Rude, 2006),
or to track and compare their learning process (Harlen & James, 1997), for example in the frame
of Data-based Decision Making (Lai & Schildkamp, 2013, DBDM; see 2.2). This can be done
in individual, group or class settings. Overall, it can be said that assessments already play or at
least should play a major role in student learning, as well as in assigning students to school

systems.

Assessments in inclusive schools or classes face new challenges. Most assessments are de-
signed for classes that show homogeneous performances or in which students do not differ
significantly in their performances. However, such assessments cannot do justice to the increas-
ing heterogeneity of students in the course of progressive inclusion because they are oriented
towards the norm and expectations of performance based on the average standard. To better
consider the heterogeneity of student performance within a class and to be able to provide suit-
able assessments in these settings, ideally, the assessments should be as widely applicable as
possible while still taking into account the individual situation of each student. Moreover, they
should be brief and easy to use in both individual and classroom settings, relieving the teacher
of additional effort of evaluating and assigning support. Additionally, psychometric require-

ments should be met to deal with the heterogeneous target group of the assessments (see 2.3).

The use of digital technologies for student assessment (see 2.4.1) addresses many of these needs
(Jungjohann et al., 2018; Ngwacho, 2022). In particular, adaptive testing is gaining popularity
as a way of assessment, as such tests can adjust their difficulty to different target groups. CAT
is the methodical and digital implementation of adaptive testing (see 2.4.2). It is a form of test-
ing in which the difficulty level of the test adapts to the student's ability level (Meijer & Nering,
1999). This means that many students in a class can take the same test, but still receive a selec-

tion of items tailored to their level of difficulty.



The basic features of CAT have been discussed since the 1960s (Brown & Weiss, 1977; Sands
et al., 1997; D. J. Weiss & Betz, 1973) and have been developed and implemented in various
fields with increasing digitization. Widely used CATSs are primarily used in higher education
(Kalender, 2012), the military (Sands & Gade, 1983), psychology (Gibbons et al., 2012), and
medicine (Papuga et al., 2018). However, there is comparatively little research in the area of
primary and secondary schools. Additionally, there is a research gap in the inclusive school
sector, particularly in the assessment of students with disabilities, both in special education

assessment research and in methodological CAT research.

This work attempts to partially fill this research gap by presenting three studies conducted on
the topic of CAT in inclusive education. The studies aim to develop a CAT for an inclusive
target group and examine the performance and response behavior of students with and without
disabilities. To accomplish this, both an existing inclusive reading screening and artificially
generated data will be used. Different adaptive algorithms will be tested for their performance

for different target groups in order to develop the CAT.

Each study poses different research questions. However, two main research questions are pre-

sent throughout the entire research process:

1. What are the best methodological and technical approaches to develop an inclusive CAT
based on a non-adaptive reading screening?

2. What are the performance and response patterns of students with and without Special
Educational Needs (SEN) in CATs with different settings?

To address these research questions, the second chapter of this thesis covers a literature review
on the theoretical background of assessing students with SEN (see 2.1-2.3). Additionally, it
explains the psychometric properties and development of CAT (see 2.4) and emphasizes the
prerequisites and background necessary for developing an inclusive CAT.

The third chapter explains the instruments and samples used, as well as the research questions
and procedures for the three interrelated studies. In the first study (see 3.3.1), four one-dimen-
sional adaptive tests are developed from a four-part reading screening. Various technical and
methodological options for the CAT are compared. Additionally, the suitability of each of the
four tests for CAT is assessed, and if necessary, the extent to which the test needs to be adapted
is determined. In the second study (see 3.3.2), the results of the first study are utilized to deter-

mine whether implementing four separate CATs or combining them into a single screening
3



CAT is preferable. The third study (see 3.3.3) simulates and compares the performance of dif-
ferent groups of students with SEN on the developed CATSs. This study addresses the question

of whether and to what extent the tests need to be further adapted for these groups of students.

The fourth chapter (see 4.1 — 4.3) presents the findings of the three studies. These findings offer
insights into the best methodological and technical approaches for developing an inclusive CAT
based on a non-adaptive reading screening, as well as the performance of students with and
without SEN in CATs with different settings. Each study is concluded by summarizing and
discussion the study's findings. The fifth chapter (see 5.1 — 5.4) provides a discussion of the
research findings of all three studies. This chapter provides an analysis and interpretation of the
research results and the research process on CAT in inclusive education, along with a reflection

on the research process and limitations.



2 Literature Review

2.1  Struggling Students and their (Dis-) Abilities
2.1.1 Labeling and Identification

In every class, there are students who struggle with learning. They often are also called at-risk
students (L. S. Fuchs et al., 1992; Slavin et al., 1989), low-performing students (L. S. Fuchs et
al., 2015), low-ability students (Rulison & Loken, 2009) or slow learners (Kaznowski, 2004).
Regardless of the terminology, what these students have in common is that they struggle to
keep up with the regular level of performance in their grade level. It is estimated that up to 20%
of students have problems following the subject matter in school. The reasons for this vary but
are generally attributed to learning or attention issues (National Center for Learning Disabili-
ties, 2017a).

Some students are diagnosed with a disability or what is known as special educational needs
(SEN) before or during their school years. The term SEN has been used in English-speaking
countries since the late 1960s and arose from a rejection of the medically oriented term handi-
cap. Instead of categorizing children and adolescents based on their handicaps, the concept of
SEN should categorize them based on personal, social, and especially educational issues. The
conceptual basis of this idea was documented in the Warnock Report of 1978 (Department for
Education and Science, 1978; Lindsay et al., 2020), which ,,pointed out that whether a disability
constitutes an educational handicap for a child depends upon many factors such as the school’s
expertise and resources, the child’s temperament and personality, the quality of support and
encouragement within the family and environment.” (Gulliford & Upton, 2002, p. 2). There-
fore, the term SEN is recommended in the Warnock Report, in order to include not only a child's
disability, but all factors ,,which have a bearing on his [sic!] progress* (Gulliford & Upton,

2002, p. 2). A broad definition is used that includes all students who need:

,»special means of access to the curriculum through special equipment, facilities or re-
sources, modifications of the physical environment or specialist teaching techniques.

- the provision of a special or modified curriculum.

- particular attention to the special structure and emotional climate in which education
takes place.” (Gulliford & Upton, 2002, p. 3)
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The term SEN or modifications of this term such as Special Educational Needs and Disabilities
or Special Needs have persisted in the English language for students with disabilities to this day
(e.g., Asbury et al., 2021, Ebenbeck et al., 2022, Lutz et al., 2022). As part of the inclusion
movement, the categorization of students through such terms is increasingly viewed as a form
of labeling. The extent to which this labeling is necessary is a subject of debate (Demetriou,
2020; Gebhardt, 2023, p. 50). Although labelling can lead to stigmatization and negative exac-
erbations in some cases (e.g., Franz et al., 2023, Shifrer, 2013, Jones, 1972, Green et al., 2005),
it can also provide access to additional resources and support for students (e.g., Arishi et al.,
2017, Norwich, 2009). For instance, students with diagnosed disabilities may receive special
education services, including Individualized Education Plans, modifications to assessment pro-
cedures, therapies, individual support in school, or access to special schools in some countries.
However, it is believed that many students with disabilities are not identified, leading to a high

number of unidentified cases (National Center for Learning Disabilities, 2017b).

The designation of SEN is internationally a categorization of the school system to enable re-
sources for individual students. The assignment of a SEN is necessary to provide these re-
sources, which is why identifying these students is important. Therefore, it is not only important
to identify whether SEN are present, but also in which area students need support. However,
what falls under the different types of categorizations varies from country to country and from
education system to education system. In the USA, for example, gifted students or students with
a specific difficulty in a learning area are also included in the category of SEN. In Germany,
the view on SEN is different, and such students are not included under this term (Gebhardt et
al., 2013; Gebhardt, 2023; Griinke & Cavendish, 2016). Therefore, the definition of a SEN must

be considered in the context of each country to understand the group categorized by it.

Depending on the country, there are different types of SEN. In countries like Germany, where
there is not yet a comprehensive inclusive school system (Ebenbeck et al., 2022), the type of
SEN also impacts the extent to which a child is likely to be educated inclusively or not. For
example, in Germany, students with SEN in the area of learning (SEN-L) are most commonly
educated inclusively, making up 47% of students with SEN in general schools. Students with
SEN in the area of emotional and social development (SEN-E) make up 23%, students with
SEN in the area of speech, language and communication (SEN-S) make up 11%, and students
with SEN in the area of intellectual development (SEN-I) make up 6% (Sekretariat der Standi-
gen Konferenz der Kultusminister der Lander in der Bundesrepublik Deutschland, 2022, p. 6).
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2.1.2 Types of Special Educational Needs

As already explained, the definition of individual types of SEN depends on the country and
perspective. From an international and medical perspective, students with SEN are referred to
as individuals with learning disabilities. In the 1970s, the definition and identification of a
learning disability heavily relied on the intelligence quotient (IQ), which follows a normally
distributed value range and is the result of an intelligence test (D. Fuchs et al., 2003). An IQ
between 70 and 84, which represents at least one standard deviation below the mean, was con-
sidered to indicate a learning disability.

Based on the criticism of 1Q and its psychometric properties (e.g. Beaujean et al., 2018; Gard-
ner, 2005; Restori et al., 2009; Sternberg et al., 2001; Weinberg, 1989), recent research increas-
ingly includes the student’s environment and instructional response in the definition and iden-
tification while opening up the definition of learning disability (Fletcher et al., 2004; D. Fuchs
et al., 2003; Kovaleski et al., 2013; Lyon et al., 2001; Madalyn, 2021; Maki & Adams, 2019).
Also, there are indicators, that learning disabilities are not connected to an traditional 1Q range
per se and the 1Q therefore should not be used for identifying (Siegel, 1989; Francis et al., 1996;
Gunderson & Siegel, 2001; Naglieri & Reardon, 1993; Rispens et al., 1991; for a contrary opin-
ion please see Torgesen, 1989; Lyon, 1989). Although 1Q should no longer be used as the de-
termining criterion for diagnosing learning disabilities, it still plays a role for categorizing. For
example, distinctions are made between people with learning disabilities and with high and low

IQ for research purposes (Lovett & Lewandowski, 2006; Rooney et al., 1985).

Learning disabilities are defined more medically (Cortiella & Horowitz, 2014). The current
international valid medical classification system of the American Psychiatric Association
(2022) DSM-5 uses the term specific learning disorder and defines it as follows. It does not use
the 1Q as diagnostic criterion, but as delimination criterion from SEN-I or intellectual disabili-

ties:

“Difficulties learning and using academic skills (...) that have persisted for at least 6 months,
despite the provision of interventions that target those difficulties. (...) The affected academic
skills are substantially and quantifiably below those expected for the individuals chronological
age, and cause significant interference with academic or occupational performance, or with ac-
tivities of daily living, as confirmed by individually administered standardized achievement
measures and comprehensive clinical assessment. (...) The learning difficulties begin during
school-age years but may not become fully manifest until the demands for those affected aca-
demic skills exceed the individual’s limited capacities (...). The learning difficulties are not
better accounted for by intellectual disabilities, uncorrected visual or auditory acuity, other men-
tal or neurological disorders, psychosocial adversity, lack of proficiency in the language of
7
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academic instruction or inadequate educational instruction.” (American Psychiatric Association,
2022, 66-67).

In the context of the school system, SEN-L is a term used for students with difficulties in learn-
ing. In the USA, students with SEN-L are diagnosed most frequently and make up about 5% of
the total student population (Cortiella & Horowitz, 2014, p. 12), which also includes students
with specific difficulties in individual areas of learning. Compared to other types of SEN, it is
harder to identify as there are no clear diagnostic criteria such as an 1Q threshold or noticeable
physical or sensory deficits (Zydney et al., 2020). In contrast, in Germany, only those students
who have significant difficulties in academic learning that cannot be adequately addressed by
regular schools are categorized under SEN-L. The reasons for the difficulties in academic learn-
ing are complex and include risk factors of the child and the environment (KMK, 2019). There-
fore, in addition to the child's individual experiences and competencies, both social comparison
to peers and the adaptability of the general school are crucial for the emergence, identification,

and perception of learning problems (Gebhardt, 2023).

Students with SEN-L often experience challenges with their behavior or emotional develop-
ment. In a long-term study conducted by Vaughn and Schumm (1995), this group of students
was found to have significantly lower social skills coupled with significantly higher behavioral
problems compared to students without SEN. Students with SEN-L have been shown to exhibit
higher levels of hyperactivity and distractibility, as well as more emotional problems, lower
frustration tolerance, and weaker work habits in the classroom than students without SEN
(Bender & Smith, 1990; Cullinan et al., 1981, Silver, 1981; Toro et al., 1990).

In an educational context, the student's response to support, instruction, and intervention is ob-
served to determine the presence of learning disabilities, which can affect a variety of sub-areas
such as math, spelling, or reading. Consequently, some students with learning disabilities may
also have weaknesses in prerequisites that impact their reading abilities. Dyslexia is the most
common type of learning disability, characterized by difficulties with phonemic awareness,
phonological processing, and word decoding, fluency, rate of reading, rhyming, spelling, vo-
cabulary, comprehension, and written expression. Other forms of learning disabilities may also
struggle with some of these areas, such as students with auditory or visual processing deficits
(Cortiella & Horowitz, 2014, pp. 3-4). Students with SEN-L frequently read significantly
worse than their peers without SEN. This was confirmed by a meta-analysis by Gilmour et al.
(2019), which found that students with SEN-L in the US read 1.44 standard deviations worse

than students without SEN, which equates to falling about four years behind in learning.
8
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Students with Special Educational Needs in Intellectual Development

People with an intelligence disability make up around 1% of the global population (American
Psychiatric Association, 2022, p. 38). The definition and identification of intellectual disability
are primarily medically influenced internationally. DSM-5 defines intellectual disability as a
neurodevelopmental disorder and includes three criteria: first, deficits in intellectual function-
ing confirmed by clinical and intelligence assessment, second, deficits in adaptive behavior
(AB), and third, the fact that these deficits have been present since childhood.

Country-specific definitions are based on this definition. In the USA, from an educational per-
spective, intellectual disability is defined as follows:

Intellectual disability ““is characterized by significant limitations both in intellectual functioning
and in adaptive behavior as expressed in conceptual, social and practical adaptive skills. This
disability originates during the developmental period, which is defined operationally as before
the individual attains age 22.” (Schalock et al., 2021, p. 439)

While the 1Q is still used as a diagnostic criterion for intellectual disability, it is also criticized
(Arvidsson & Granlund, 2018; Greenspan & Woods, 2014; Zucker & Polloway, 1987). An 1Q
score of two standard deviations or more below the mean is considered to diagnose an intellec-
tual disability based on the 1Q. However, in addition to the 1Q, AB is becoming increasingly
important for identifying children with intellectual disability. AB “is defined as the collection
of conceptual, social, and practical skills that have been learned and are performed by people

in their everyday lives” (Tassé et al., 2012, pp. 291-292).

People with intellectual disabilities are a diverse group with a wide range of abilities. As a
result, it is common to classify subgroups using different indicators such as 1Q scores or AB
scores. 1Q and AB scores use the same value ranges. Typically, students are classified as mild
(1Q between 50/55 and 70/75), moderate (IQ between 40/45 and 50/55), severe (1Q between
25/30 and 40/45), or profound intellectual disability (1Q < 20/25) (Patel et al., 2018).

In Germany, the medical perspective is still used for the identification and categorization of
intellectual disability, although it is increasingly being supplemented by the definition of AB
(Dworschak & Kolbl, 2022).

IQ is commonly used to distinguish between people with intellectual disabilities and those with
learning disabilities, although the latter group is no longer defined by 1Q. However, the IQ range

of 70-84 is still sometimes used as a differentiator between individuals with learning difficulties
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(Cornoldi et al., 2014). This range was previously considered to be characteristic of learning
disabilities but is now referred to as borderline intelligence in psychology and medicine. The
term is used to distinguish individuals with an 1Q between 70 and 84, which overlaps with the
group of people with learning disabilities, from those with intellectual disabilities. However,
IQ is a weak indicator for categorizing, and people with borderline intelligence and mild forms
of intellectual disabilities are sometimes treated as one group in research, even though they may
differ in their performance and characteristics (Arvidsson & Granlund, 2018; Bouck &
Satsangi, 2015; Cohen et al., 2001; Nouwens et al., 2017).

The transitions between students with learning disabilities, borderline intelligence, and mild
intellectual disabilities are fluid and often not clearly delineated. According to Snell et al.
(2009), individuals with mild intellectual disabilities share many characteristics with those with
borderline intelligence, leading to an overlap between students with learning disabilities and
intellectual disabilities. In a comparative study, Gresham et al. (1996) examined the differences
between struggling students with low academic achievement, students with learning disabili-
ties, and students with mild intellectual disabilities. The results showed that the differences
were mainly related to cognitive abilities and academic achievement, with fewer differences in
social skills or problem behavior. For instance, in academic achievement, students with learning
disabilities showed higher skills than those with mild intellectual disabilities. In terms of cog-
nitive abilities, students with learning disabilities scored the highest, followed by students with
low academic achievement, and students with intellectual disabilities who scored the lowest.
Although cognitive measurements could differentiate between students with learning disabili-
ties and mild intellectual disabilities with 99% accuracy, reading skills only achieved a 71%
differentiation rate. Gresham et al. (1996) also argue, that despite similarities between the
groups, “the differences that do exist are probably not educationally relevant in terms of differ-

ential placement options or interventions”.

Another conclusion that can be drawn from the results of Gresham et al. (1996) is related to the
reading skills of students with learning disabilities, borderline intelligence, and intellectual dis-
abilities. Although 1Q is commonly used to differentiate these student groups, there may be a
connection between reading skills and 1Q or student group diagnosis. Other studies support this
idea: Cohen et al. (2001, pp. 71-72) found a correlation between 1Q and reading performance
(r = .44) in adults with intellectual disabilities and borderline intelligence. Individuals with 1Q

< 65 were unable to solve the reading items adequately. Levy (2011) also observed a correlation

10



Literature Review

between word reading and 1Q in adults with intellectual disabilities and borderline intelligence,
with a correlation coefficient of up to r = .893. In a study by Di Blasi et al. (2019, pp. 1028—
1029) significant (p < 0.01) differences in reading skills were reported between students with
mild intellectual disabilities, BI, and those without a disability. Students with intellectual disa-
bilities had worse reading skills than those with borderline intelligence. The greatest differences
between students with mild intellectual disabilities and borderline intelligence were observed
in reading accuracy, followed by reading speed. There was little difference in text comprehen-
sion, with both groups of students showing average performance slightly above the minimum

possible performance.

Students with Speech and Language Impairment

Similar to SEN-I, the medical perspective is also predominantly used internationally for the
definition and identification of students with SEN-S, which serves as the basis for identifying
SEN in this area in schools. In the USA, these students are referred to as students with Speech
and Language Impairment, while in Germany, the term "Forderbedarf Sprache” (translatable as

SEN Speech, Language, and Communication) is used as a description in schools.

Students with SEN-S face difficulties in academic learning due to developmental difficulties in
the area of language and communicative action. Students with SEN-S are not defined by re-
duced intelligence and have a non-verbal 1Q in the normal range (Botting, 2005; Earle et al.,
2017). Instead, they exhibit various issues in processing language and communication. The
processing of language is a necessary requirement to integrate learning content into one's own
cognitive system. As this ability is not sufficiently developed in many students with SEN-S,
these students increasingly develop problems in various academic areas. One significant area
is reading, particularly reading comprehension, which makes it difficult for them to inde-
pendently acquire learning content. In addition to these difficulties in acquiring academic con-
tent due to impaired language and reading comprehension, children with language acquisition
disorders frequently lack the necessary semantic-lexical and grammatical skills to adequately
express academic content (Mayer & Motsch, 2016). Students with SEN-S exhibit a heteroge-
neous skills profile in reading. Depending on the specific issue, students with SEN-S read
weaker than students without SEN (Boudreau & Hedberg, 1999; Simkin & Conti-Ramsden,
2006; Werfel & Krimm, 2017). Their difficulties are evident in both phonological awareness
(e.g. Claessen et al., 2013, Farquharson et al., 2014), reading fluency (e.g. Isoaho et al., 2016,
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Puranik et al., 2008), and reading comprehension (e.g. Coloma et al., 2015, Jungjohann, 2022,
Kelso et al., 2007, Ricketts, 2011).

In summary, it can be said that students with SEN are not a clearly defined group. Their iden-
tification depends on various circumstances and assessments. SEN itself should therefore be
viewed as a label that offers both advantages and disadvantages. Although there are different
groups of students with SEN, the assignment to a specific SEN category depends on different
factors depending on the type of SEN. However, the boundaries between SEN categories are
fluid. In particular, the assignment in the border areas between SEN categories is contentious
and cannot be clearly defined. In the area of cultural techniques, such as reading, there are also
many students who have difficulties. These difficulties are not linked to a specific SEN category
or SEN particulary, but are noticeable in several categories of SEN. This also suggests that the
type of SEN is secondary for school support and that the performance of students in their skills

and assessments should be more decisive.

2.2 Educational Assessment in Inclusive Education

According to Gebhardt (2023), categorizing students in schools for the provision of resources,
such as SEN, is no longer considered contemporary. As previously demonstrated, categorizing
students into different types of SEN is insufficient for predicting their performance in a subject
or skill area. Therefore, students can have problems with reading regardless of whether they are
classified as having SEN or the type of SEN they are assigned. Additionally, interventions
should focus on the individual who requires tailored support, rather than a systemic category.
Therefore, providing effective support and instructions requires the right support decision to be

made.

2.2.1 Data-based Decision Making

Struggling students, regardless of whether they have a diagnosed disability or SEN, need to be
supported in their learning as soon as possible. Early interventions can prevent long-term issues
from arising (e.g. D. Fuchs & Fuchs, 2011; Menzies et al., 2008; Partanen & Siegel, 2014,
Schwartz, 2005). For example, if a student is already experiencing reading difficulties, it can

become a persistent issue that is difficult to improve in the long term. This is supported by
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research: Jacobson (1999) observed the word reading of students with and without disabilities
in grade 2 and again seven years later in grade 9. Most of the students observed were unable to
make up for the reading difficulties during this period and continued to struggle. These persis-
tent reading difficulties are also decisive for further academic performance problems since read-
ing is an important basis for information acquisition. In this context, Hakkarainen et al. (2013)
confirmed that reading difficulties can have a strong impact on a student’s academic perfor-
mance in general, even up to grade 9. Therefore, it is crucial to identify and address early signs
of reading problems with appropriate instruction and support to prevent long-lasting school
problems. This is especially true for students with SEN, who acquire reading skills more slowly
than students without SEN and exhibit weaker reading skills (Badian, 1999, p. 56; Vaughn &
Wanzek, 2014).

To do so, teachers evaluate their students' performance in various ways and then assign them
learning methods, support, and instructions. The correct assessment of student performance is
critical to assigning appropriate instruction. However, the accuracy of the student's assessment
depends heavily on the teacher. While teachers are generally capable of accurately judging the
performance of their students, their judgment accuracy is lower for low-performing students
than for high-performing students (Begeny et al., 2008; Coladarci, 1986, p. 144). This is critical
because these low-performing students rely on early and appropriate intervention to avoid de-

veloping persistent difficulties.

To achieve a more accurate and justified support and instruction planning in classrooms, mod-
ern principles of special and inclusive education, like response to intervention (D. Fuchs &
Fuchs, 2006), the Riigen Inclusion Model (VoR & Blumenthal, 2019), the Multi-Tiered System
of Supports (Stoiber & Gettinger, 2016), Positive Behavioral Interventions and Supports (Sugai
& Simonsen, 2012), or Data Wise (Boudett Parker et al., 2006) therefore rely on Data-based
Decision Making (DBDM). DBDM describes an approach to data-based support planning,
where decisions about support are made based on data about each student’s learning, rather than
the teacher's personal perception and judgement (Lai & Schildkamp, 2013). Using DBDM can
lead to increased student learning progress. In mathematics, reading comprehension and
spelling, positive effects with an improvement of 0.37 standard deviations (SD) in student
achievement have been observed. Low-performing students have the strongest effects on learn-

ing with DBDM (Filderman et al., 2018). In a meta-analysis on DBDM reading interventions
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for struggling readers, Filderman et al. (2018) also reported medium-strong weighted mean
effects (.24 < g <.27) of DBDM instructions.

DBDM is a four-step iterative process (Lutz et al., 2022; Schildkamp, 2019). The first step is
to set individual learning goals for each student. This is determined by a team that may include
teachers, educators, therapists, and parents. The team discusses the learning and development
goals, as well as associated support measures, based on the student's developmental level. They
take into account existing data and determine what additional data needs to be collected for
problem-solving. The second step is to collect data related to the learning goal. To improve the
quality of teaching and student support, a variety of data sources can be used, including both
informal and formal sources. In the third step, the collected data is analyzed and interpreted.
Teachers must have sufficient diagnostic competencies to assess the material properly and use
it to inform support decisions. In the final step, planned support is implemented and evaluated
in relation to the collected data and adopted learning goals. Support methods are continuously
evaluated during the student's learning process to determine if appropriate support is being pro-
vided. If not, the support can be adjusted during the learning process. Ideally, only evidence-
based instructions whose effectiveness has been confirmed in research should be used to ensure

the effectiveness of the support for students.

There are several types of data that can be collected for DBDM, such as formal data, informal
data, research results, and big data (Schildkamp, 2019, pp. 261-262). It is recommended to
focus on formal, systematic, and standardized assessment data, as these data ensure better com-
parability, reliability, and validity. Four types of formal assessment for decision making can be
distinguished (Gebhardt, 2022; Hasbrouck & Tindal, 2006):

- Screening measures, which are brief assessments focusing on main components of a
larger skill area (e.g. reading) that predicts the student’s future development. They
mostly are conducted within a school class at the beginning of a school year or inter-
vention to identify students struggling with the measured skill area.

- Diagnostic measures, which are standardized tests that can be administered at any time
during the school year in order to test a student as comprehensively as possible in one
competency area at one point in time. Such tests are used to create a fully comprehensive
profile of a student to determine, for example, a disability.

- Progress-monitoring measures, which consist of at least three shorter tests collected at

continuous intervals to show the learning progress of a child over time. These tests are
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used to assess the student's learning development, identify students who are not making
adequate progress, and evaluate different instructions for struggling students.

- Outcome measures, which are comprehensive school achievement tests to determine
whether the student has met the class target or assessment criterion. Such tests are ad-

ministered either at the end of an intervention or at the end of the school year.

The combination of screening and progress-monitoring measures is a common concept in in-
clusive education used to assess skills related to school subjects such as reading, writing, or
mathematics (e.g. L. S. Fuchs et al., 2007; Saddler & Asaro-Saddler, 2013, Stecker et al., 2008;
Wilcox et al., 2021, p. 5). Screening measures are typically used at the beginning of the school
year to identify students who are at risk of developing difficulties or who already struggle with
a particular skill. All students in a class are usually assessed using these measures. Students
who score below a certain criterion or percentile may be considered at risk of developing diffi-
culties or disabilities and may receive preventive or intensified instruction and support. The
students' learning progress is then evaluated using progress-monitoring tests administered at
regular intervals (Stecker et al., 2008). If students have achieved the targeted learning goals,
additional support can be discontinued. The long-term goal of DBDM is not to permanently
stigmatize students with a label but rather to provide early and preventive support to avoid

identifying and labeling students in the school context (Lutz et al., 2022).

DBDM has become a widely recognized and promising approach to educational assessment
and support planning. It has been successfully implemented in various countries around the
world, such as the United States (Blumenthal et al., 2021; Jimerson et al., 2015; Preston et al.,
2016) and the Netherlands (Gelderblom et al., 2016; van Geel et al., 2016). In recent years,
DBDM has also been utilized in developing countries (Schildkamp et al., 2019). However, de-
spite its potential benefits, implementing DBDM in schools can be challenging for both teachers
and schools (Hoogland et al., 2016).

One of the key challenges of DBDM is the need to gather a wide range of data on students'
learning abilities through the use of multiple forms of assessment. This can be time-consuming
and resource-intensive, and it requires teachers to be trained in the administration and analysis
of these assessments. Many teachers may not feel prepared to handle these tasks and may strug-
gle to make sense of the resulting data. Additionally, the use of multiple forms of assessment
can be overwhelming for teachers, who may already be struggling with a heavy workload and

limited resources. It can be difficult for them to integrate the use of these assessments into their
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daily teaching practices, especially if they do not have the necessary support and training. This
can lead to frustration of teachers, which can ultimately hinder the success of DBDM in schools
(Wilcox et al., 2021, pp. 2-4).

Despite these challenges, it is important to recognize the potential benefits of DBDM for both
students and teachers. When implemented effectively, DBDM can provide valuable insights
into students' learning abilities and needs. It can also help teachers to identify struggling stu-
dents early on and provide targeted support, leading to better outcomes for students. With train-
ing and support, teachers can successfully implement DBDM into their teaching practices and

use it to support student learning.

2.2.2 Psychometric Requirements for Inclusive Screening Measures

Assessments in inclusive education, such as those conducted within the framework of DBDM,
should focus on identifying struggling students in the classroom so that they can receive addi-
tional support and instruction. Standardized instruments have high value in DBDM, as they can
reliably and accurately assess students' performances and enable comparisons across different
students. Screening measures, which can assess the whole class in a single sitting, are a type of
assessment that can efficiently identify students who may need additional support. However, in
order for standardized testing to work effectively in an inclusive setting, several psychometric
aspects must be considered. While this work focuses on the requirements for screening

measures, many of the aspects mentioned can also be applied to other types of assessments.

Screening tests must meet general scientific test quality criteria, regardless of whether they are
designed for use in inclusive or general classroom. According to Moosbrugger and Kelava
(2020), these criteria include reliability, validity, objectivity, economy, usefulness, reasonable-
ness, fairness and unforgeability (for a detailed description of each criterion, see Moosbrugger
& Kelava, 2020). The reliability and validity of a test depend on the underlying psychometric
theory, while the other mentioned quality criteria are more influences by the general planning
of test design and administration (Moosbrugger & Kelava, 2020, p. 27).

Objectivity in testing typically results from the standardization and scaling of the test
(Moosbrugger & Kelava, 2020, pp. 18-19). The more precise the instructions for administration
and evaluation, the more objective the instrument can be assumed to be. However, experimenter

effects or mistakes cannot be completely eliminated, even in standardized assessments
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(Vormittag, 2011). Experimenter effects refer to the influence that the experimenter or test ex-
aminer has on the examinee’s behavior. This can be due to factors such as the examiners per-
sonality, experience, expectancy, sex or gender (Kintz et al., 1965). In the context of assess-
ment, experimenter effects can also influence the evaluation and interpretation of test scores as
in the case of DBDM (Kintz et al., 1965, pp. 229-230). Additionally, examiners may uninten-
tionally make mistakes while administering an assessment or evaluating test scores. For exam-
ple, experienced examiners may rely on their memory instead of reading out the standardized
instructions of a test, leading to minor mistakes that can affect the test score and objectivity of
the test (Bundschuh & Winkler, 2019, p. 84). Errors may also occur when the test examiner

lacks sufficient experience with the respective test instrument.

A test is considered economic if it requires few financial or time resources. The time needed to
administer the test and prepare, follow up, and evaluate it is important for its use in the class-
room (Moosbrugger & Kelava, 2020, p. 24). Screening tests that require little time do not take
away valuable student support time and can be conducted efficiently in a group or class setting
(Bundschuh & Winkler, 2019, p. 120). Simple evaluation procedures can save time for the
teacher, which can then be used for student support or instruction (Buchwald et al. 2022). Short
test administration times are particularly beneficial for students with SEN, who may struggle
with concentration and attention during testing (Tarver & Hallahan, 1974). Therefore, shorter

test administration times also contribute to the fairness and reasonableness of a test.

A test is considered reliably if it measures accurately without measurement error (Moosbrugger
& Kelava, 2020, p. 27). Most tests have high accuracy in the medium performance range, as
the difficulty of the items is normally distributed. However, in more extreme areas two or three
SD away from the mean, their accuracy is much lower. This is because there are fewer items
for these performance ranges, and there are not enough easy items for the lower end of the
normal distribution (Schurig & Gebhardt, 2022, p. 242). As a result, low-performing students
cannot be accurately measured with these tests, or they are measured much more inaccurately
than other students. The lack of sufficient items in the lower difficulty range means that their
performance can only be poorly depicted. These so-called bottom effects should be avoided as
much as possible in inclusive assessments. To avoid bottom effects and use differential

measures, there should be enough easy items in the item pool (Eigner, 2022, p. 423).

In summary, educational assessment plays a crucial role in data-driven, inclusive approaches

such as DBDM, which aim to use data and analytics to improve student outcomes.
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Approximately 20% of students struggle with learning and require tailored support and instruc-
tion. Some of these students may have been diagnosed with a disability or SEN, but the bound-
aries between these categories are often blurred in practice. However, low-performing students,
including those with disabilities, are often evaluated less accurately than high-performing stu-
dents by teachers. To address this issue, it is important to use assessments that are both accurate
and efficient. Teachers need assessments that are easy to administer, analyze, and evaluate, and
that take minimal time. Administration methods that minimize experimenter effects and mis-
takes should be preferred. Students, especially those with low performance, need assessments
that accurately measure them in a short amount of time. Many assessment instruments are more
accurate in the middle ranges and less accurate in extreme areas. Therefore, inclusive assess-
ment instruments should include enough easy items at the lower end to accurately measure

students with low performance.

2.3 Computerized Adaptive Testing
2.3.1 Chances of Computers in Educational Assessment

Many of these requirements can be met by changing the way assessments are conducted. Tra-
ditionally, tests were administered using a paper-and-pencil format (paper-based testing, PBT).
However, with the widespread availability of computers in schools, computer-based testing

(CBT) is becoming increasingly popular for educational assessments (Bennett, 2002).

There are different kinds of CBTs depending on how computers are used throughout the assess-
ment process (Conole & Warburton, 2005). For example, many standardized PBTSs are evalu-
ated with the aid of computer-based software. This way of using computers for assessment is
sometimes also called computer-assisted assessment (CAA, Conole & Warburton, 2005). For
CAA, the test examiner must transfer the students' analog answer sheets into the software.
Therefore, the use of CAA does not affect the student themself. After the transfer to the com-
puter, the answers are then evaluated automatically. The execution of the test is still analog,
only the evaluation has been transformed. This digital evaluation saves time, is easier to perform

for teachers than an analog evaluation and is less prone to errors.

Most often, however, the term CBT is used to refer to tests that examinees take themselves on
a computer or other digital device (Thelwall, 2000). In this context, CBTs are distinguished

between four generations (Bunderson et al., 1988; Redecker & Johannessen, 2013): The first
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generation is computerized testing, the second generation is computerized adaptive testing, the
third generation is continuous testing, and the fourth generation is intelligent testing. Tests of
Generation 1 or 2 focus on the measurement itself, while tests of Generation 3 or 4 focus on
personalized learning and have integrated measurement inside their learning environments (Re-
decker & Johannessen, 2013, S. 82).

In computerized testing (generation 1), examinees take a conventional test, but with a changing
administration mode. This can be due to the digitalization of existing paper-and-pencil tests or
the creation of new items formats for computerized testing (Parshall et al., 2000). The execution
takes place on the computer or tablet by displaying the items on the screen and indicating the
answer via mouse, keyboard or touch display.

This computer-only administration leads to higher psychometric quality, as it promises better
objectivity, economy, and usability for teachers and fairness for students (Liebers et al., 2019,
pp. 211-212). Experimenter effects or mistakes during the administration can be reduced as
students administer the items on the computer, and no examiner is necessary to provide the
items (Schaper, 2009, p. 26; Walter & Schuhfried, 2004, p. 265). Also, like CAA, test examin-
ers no longer have to transfer the answers into software. Instead, the answers are automatically
scored and evaluated digitally after administration. This means that no errors can occur when
transferring the answers to the software, and the administration and evaluation of the tests are
accelerated. Initial concerns about the validity and reliability of CBTs could not be confirmed
(Piaw Chua, 2012): When comparing PBT and CBT, there were no systematic differences in
the scores (Ebrahimi et al., 2019; Mason et al., 2001). This has been shown in higher education
assessments as well as tests of skills and competencies like reading (Mojarrad, 2013; S. Wang
et al., 2008).

For students, the administration of CBTs was challenging in the early days of CBT. They were
not used to handling computers and using mice to answer questions (Latu & Chapman, 2002).
Therefore, the question arose as to what extent computer skills are necessary to successfully
complete CBTs and whether students with less experience with computers are disadvantaged
in such assessments. However, it has since been found that computer familiarity has no effect
on performance in CBTs (Jeong, 2014; McClelland & Cuevas, 2020, p. 87). This means that
students without much experience with computers are not at a disadvantage. Students with SEN
are also not disadvantaged by CBTs (Calhoon et al., 2000; Taherbhai et al., 2012). Furthermore,
students prefer CBTs over PBTs (Mojarrad, 2013) and tend to be more motivated (Piaw Chua,
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2012). Students complete CBT faster than PBT (Piaw Chua, 2012) while achieving the same
scores, leading to a more efficient measurement. However, flexible modes that allow students
to review their answers do not yield additional benefits in speed or accuracy (Bodmann & Rob-
inson, 2004).

Computerized adaptive testing (CAT; generation 2) is an advancement of computerized testing.
Like computerized tests, CATSs are also performed completely digitally and therefore yield the
same benefits as computerized tests. Both the test execution and the evaluation take place au-
tomatically. As an extension to computerized testing, however, an individual item selection is
made for each examinee by an adaptive algorithm. The algorithm is used to estimate how strong
the examinee's abilities are in the tested area and selects items at an appropriate level of diffi-

culty.

In their literature review, Stone and Davey (2011) summarized the benefits of using CAT com-
pared to computerized tests or PBTs, focusing on students with disabilities. CATSs require less
time for administration since examinees only need to take a smaller number of items. In the
optimal case, they only need to answer fitting items that provide information about their ability.
This leads to a test reduction of between 20% and up to 50%, depending on the psychometric
model and the settings for the CAT's test termination (Flens et al., 2016; Stone & Davey, 2011,
6). With the selection of appropriate items, the issue of item pools that only focus on the middle
range of difficulty also decreases. CAT has been shown to measure accurately at the extremes
of the ability distribution, which leads to a more accurate measurement of gifted or low-per-
forming examinees (Ebenbeck & Gebhardt, 2022; Flens et al., 2016; Stone & Davey, 2011, 6).
The combination of testing in less time with growing accuracy makes CAT especially promis-
ing for assessments in inclusive school settings focusing on struggling students and students
with disabilities. While early research claimed to have observed psychological effects of CAT
on examinees (Betz, 1977; Linacre, 2000), recent research contrasted these findings: In a meta-
analysis, Akhtar et al. (2022) compared the effects of CAT on test anxiety and motivation and
concluded that there is no significant effect. Therefore, neither positive nor negative impacts of
CAT on the psychological aspects of testing could be evaluated, but CAT seems to have the
same psychological effects as CBTs with a fixed item order.

Tests of generation 3 and 4 take different approaches to measurement. In continuous measure-
ment (generation 3), students' progress is evaluated over a period of time instead of a single

measurement point. Data are collected regularly through various forms of assessments or
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evaluations, and the data is later used to track students' progress and identify areas where they
may be struggling or require additional support. Continuous measurement employs assessments

to derive tailored support for all students (Bunderson et al., 1988).

In intelligent testing (Generation 4), artificial intelligence (Al) and machine learning or other
advanced technologies are additionally used within the tests for various purposes (Gonzélez-
Calatayud et al., 2021). This can include adapting the test itself, classifying, evaluating and
analyzing test results, categorizing student profiles, or providing feedback for students and
teachers (McCusker et al., 2013, Shute & Zapata-Rivera, 2010, Zheng et al., 2020). Depending
on the exact use of Al and machine learning, intelligent measurement can offer different bene-
fits, such as real-time feedback and support for students and teachers, customization, improved
accuracy and validity, enhanced efficiency, or greater insights into student learning and perfor-
mance (Afzaal et al., 2021, Asthana & Hazela, 2020, Béhme et al., 2022, Hilbert et al., 2021,
Korkmaz & Correia, 2019, Martin, 2008, Nafea, 2017). Al itself also offers various opportuni-
ties for people with intellectual disabilities besides assessment (Zentel et al., 2019).

Even if they provide more functions and benefits for educational assessment use, tests of gen-
eration 3 and 4 are more challenging to develop and implement at the moment compared to
tests of generation 1 and 2. As they often involve the use of advanced technologies like Al or
machine learning algorithms, they can be complex to develop and maintain. Such systems re-
quire large amount of data to be collected and analyzed, which is time-consuming and resource
intensive (van Ooijen et al., 2022). This is also why the development and implementation of
generation 3 and 4 tests are more expensive compared to generation 1 and 2 tests (Luckin,
2017), what can be a barrier for some educational institutions and organizations. An implemen-
tation of these types of tests also for smaller tests is therefore desirable for the future, but still
faces technological challenges. In comparison, adaptive testing technologies are well-research
and easier to develop. With new tools and the use of free programming environments
(Chalmers, 2016; Han, 2012; Magis & Barrada, 2017; Nydick, 2022; Rizzo Meneghetti, 2016;

Sorrel et al., 2021), they also get more and more accessible and cheaper in their development.

2.3.2 Components of Computerized Adaptive Testing

There are different types of adaptive testing. Two common types are tailored testing and
branched testing (Amelang & Zielinski, 1997; Kubinger, 2003).

21



Literature Review

Branched testing presents the examinee with groups of items and selects a new group of items
based on their performance on the previous group. There are fixed branched sequences that
dictate which item groups must be selected (Kubinger, 2003). Branched testing can be admin-
istered in analog (Kubinger, 2007) or digital formats. Analog branched testing requires one-on-

one administration, as the test administrator selects the appropriate item groups.

In tailored testing, the test adapts to the examinee by selecting a specific set of items based on
an algorithm calculated by a computer. The algorithm follows the principle that after a correct
answer, a more difficult item is selected, while after an incorrect answer, an easier item is cho-
sen. Due to technical requirements, tailored testing can only be performed digitally, and is com-
monly known as CAT. Tailored tests or CATs can be administered in both one-on-one and
group settings (Lord, 1968). They require fewer items per test run than paper-and-pencil tests
or branched tests, and are therefore shorter while maintaining the same level of accuracy
(Kubinger, 2017; Latu & Chapman, 2002).

CATSs consist of four components that are characteristic and necessary for tailored testing (Bock
& Gibbons, 2021, pp. 244-245):

- Apre-calibrated item pool. All items in the item pool must be calibrated according to a
test theoretical model, such as an item response theory (IRT) model (for more detail,
see section 2.3.2.1). This calibration allows for the estimation or calculation of infor-
mation about every item. To obtain this information, all items need to be taken by a
sample of the test's target group, which allows for the determination of item difficulty
and other relevant metrics.

- An item selection procedure, which is a crucial part of the CAT algorithm. In order to
select the next item after an examinee's response, the pre-calibrated item pool's infor-
mation and a repeated estimation of the examinee's ability after each response are re-
quired (for further details, see section 2.3.2.2).

- A test determination procedure. Different stopping rules can be used in CAT, and the
choice of stopping rule can affect the outcome of the test. The stopping rule used can
vary from a fixed test length to achieving a certain level of accuracy in the estimation
of the test-taker's ability, after which the test is concluded (see section 2.3.2.4 for more
details).
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- Atest scoring procedure. In a CAT, examinees may get different numbers of items in a
test run or items of different difficulties. Dependent on the type of test, a suitable scoring

method must be found (see for more detail 2.3.2.5).

Additionally, there also needs to be a decision on the test starting procedure of a CAT (Thomp-
son & Weiss, 2011, see 2.3.2.3). Different starting rules can be used for CAT and may also
impact the resulting test. CATs can start with a fixed item or use previous information for the
item selection (Magis & Raiche, 2012, p. 8).

2.3.2.1 Pre-calibrated Item Pool

2.3.2.1.1 Item Response Theory as Basis of CAT Item Pools

A CAT's item pool can be calibrated using different test theories. The use of item response
theory (IRT) has been proven to be especially useful and effective (Bock & Gibbons, 2021,
p. 245). It has been successfully used for the development of CAT and in CAT research since
the 1970s and is the most widely used test theory for CAT. Therefore, this work focuses on
IRT-based item pools for CAT.

In IRT, it is assumed that a person's latent ability cannot be directly observed. Instead, it is
assumed that a person possesses a particular latent ability and processes an item. Only the re-
sponse to the item can be observed and measured as a manifest variable, not the latent variable
itself. The person's response to the item is dependent on their latent ability and the parameters
of the item, such as difficulty or discrimination. A person with a stronger latent ability has a
higher probability of answering an item of a certain difficulty than a person with a weaker latent
ability (Moosbrugger et al., 2020, pp. 260-261).

The IRT is a family of different mathematical measurement models, which are unified by three

principles (van der Linden, 2016, p. 8):

"The first principle is a focus on the responses by human subjects to test items rather than an a
priori chosen score on the entire test, as in more traditional test theory. The second is the recog-
nition of the random nature of these responses and the acknowledgment of the need of a proba-
bilistic model to explain their distribution. The third principle is the presence of separate param-
eters for the effects of the subjects' abilities, skills, or attitudes and the properties of the items.

This parameter separation is the ultimate defining characteristic of IRT." (van der Linden, 2016,
p.8)
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In general, there are four item parameters in IRT that can be estimated. Every model employs
the item difficulty parameter (c), which determines the difficulty of an item. The other item
parameters are the item discrimination parameter (ai), the guessing parameter (ci), and the care-
lessness parameter (di). The ai is a measure of an item's differential capability. A high a; indi-
cates an item that can effectively differentiate among examinees (An & Yung, 2014, p. 3). The
ci is an item's lower asymptote that represents its guessability. The di is an item's upper asymp-
tote that indicates the examinee's carelessness.

All item parameters are described on a logit scale, which is a measurement scale used in IRT.
The logit scale is used to measure a person's ability (0) and an item's difficulty (c) on a common
metric. Based on the logarithmic function, the logit scale transforms the probability of a person
getting an item right into a continuous scale ranging from negative infinity to positive infinity.
A difference of one unit on the logit scale corresponds to a difference of one standard deviation
in the underlying trait being measured. In IRT, the logit scale is used to estimate the item pa-
rameters. ¢ is defined as the point on the logit scale where there is a 50% probability of an
individual answering the item correctly. The use of the logit scale in IRT allows for the com-
parison of item difficulties across different tests and populations and for the estimation of indi-

vidual abilities on a common metric (Linacre & Wright, 1989).

There are a large number of IRT models. One of them is the 1PL model, also known as the
dichotomous Rasch model. This model was mainly defined by Georg Rasch (1960) and can be
used for dichotomous answer categories. Dichotomous answer categories are response options
in which the examinee can only choose between two possible answers, such as correct or in-
correct. In the Rasch model, a person's likelihood of solving an item depends only on 0 and ¢
(An & Yung, 2014, pp. 1-2). Therefore, o is the only item parameter estimated within the Rasch
model, and all other item parameters are set to be the same for all items. For every item, the
expectation of a; is 1, the expectation of c; is 0, and the expectation of di is 1 (Table 1).

Table 1

Item parameter range of the Rasch model.

Item Parameter Value Range
ai 1

o w003 oo

Ci 0

di 0
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The Rasch model follows several main assumptions (Kelderman, 1984). The assumption of
unidimensionality (Verhelst, 2001) means, that the test items are measuring a single underlying
construct or trait. The assumption of local independence means, that the responses to each test
item are independent of the responses to other test items (Baghaei, 2008). In other words, the
response to one item should not influence the response to another item. The assumption of
sample independence means, that the responses to the test items are independent of the sample
who take the test (Scheiblechner, 2009). In other words, the results obtained from one sample

should be similar to the results obtained from another sample:

“The concept of sample independence allows for the assessment of much broader subject pop-
ulations and item universes than the classical sample-dependent test criteria. This gain in the
precision of concepts of latent dimensions and of generalizeability [sic!] of psychological as-
sessment procedures is the true achievement of Rasch models.” (Scheiblechner, 2009, p. 188)

2.3.2.1.2 Model Calibration

CATSs rely on item parameters, which are used to define the item and to select the best fitting
item for each person. In order to obtain those item parameters for a CAT based on an IRT
model, the first step involves estimating the item parameters from a sample of examinees (Bock
& Gibbons, 2021, p. 141). Therefore, the target group of the test must be selected to obtain
reliable information about the items. Examinees from the target group then take the test, which
comprises the item pool. Their responses to the test items are used to calibrate the item pool
and obtain item parameters for each item. These item parameters are essential input for the
CAT.

There are different methods for calibrating an IRT item pool. The three most well-known meth-
ods are joint maximum likelihood estimation (JML), conditional maximum likelihood estimation
(CML), and marginal maximum likelihood estimation (MML) (Molenaar, 1995). However,
there are also alternatives, such as the pairwise method of estimation (Heine & Tarnai, 2015;
Zwinderman, 1995). Each of these methods is based on the maximum likelihood (ML) method,
which is a statistical method used to estimate the parameters of a probability distribution by
finding the set of values that maximizes the likelihood function. The likelihood function
measures how well a particular set of parameters fits the observed data. Therefore, ML is a way

to determine the most likely values of the parameters of a given probability distribution based
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on a set of observed data (Myung, 2003). All IRT estimation methods can be used to estimate
the item parameters of the item pool. However, the models differ in their handling of person
parameters (Molenaar, 1995, pp. 40-41).

JML is one of the earliest methods for calibrating IRT models. This method estimates ¢ and 6
jointly, meaning that they are estimated simultaneously (Bock & Gibbons, 2021, p. 147). How-
ever, this approach has several flaws. JML cannot be applied when an examinees provides all
correct or incorrect answers or when one item is fully correct or incorrect answered. Addition-
ally, "JML item estimates are known to be biased and inconsistent™ (Magis et al., 2017, p. 21),

and 0 is estimated less precise than ¢ (Heine, 2016, p. 5).

CML estimates o and 6 separately. Therefore, 6 is eliminated by conditioning (Molenaar, 1995,
p. 40). Due to this approach, some information for ¢ estimation can be lost during the estimation
process. This effect becomes smaller with increasing item pool size and is almost negligible
with item pools of 20 items or more (Eggen, 2000). CML can only be used for Rasch models
and, like JML, cannot be applied when all answers of an examinee or of one item are fully

correct or incorrect (Magis et al., 2017, p. 21).

MML estimates o and 6 also separately, but does so by integrating out the 6 levels (Molenaar,
1995, p. 41). MML is suitable for various unidimensional and multidimensional IRT models
and can handle fully correct or incorrect responses. Additionally, MML estimates can be used
to compare the fit of different models using Likelihood Ratio tests. However, the use of MML
can be problematic with small datasets or selective samples, as the assumption of normal dis-

tribution may be violated in these cases (Heine, 2016, p. 5).

An alternative calibration method is the pairwise method (Choppin, 1982; Heine & Tarnali,
2015; Rasch, 1960, p. 172). The pairwise method also estimates ¢ and 6 using conditional prob-
ability. It estimates the difficulty of a set of items by comparing two or three items at a time,
instead of estimating all items at once (Choppin, 1982, p. 1). "To describe the difficulty of a set
of items, a matrix is constructed in which each element is the number of people who responded
correctly to one item and incorrectly to another item” (Choppin, 1982, p. 1) of the item set. The
pairwise method is only applicable to the Rasch model. Like JML and CML, the pairwise
method cannot handle fully correct or incorrect responses to an item. However, due to the use
of item sets, the pairwise method can be used to estimate 0 and o even with incomplete data
(Choppin, 1982; Heine & Tarnai, 2015). Incomplete data may occur when examinees do not

take all items of a test.
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Accordingly, the choice of the most appropriate model for IRT calibration depends on the type
of test and sample being used. Therefore, the selection of a suitable model can only be made
based on the data structure of each test and cannot be applied universally to all item pools for

CAT. An overview of the usability of the estimators can be seen in Table 2.
Table 2

Item and person parameter estimators of the Item-Response-Theory.

JML CML MML Pairwise
IRT models All Rasch All Rasch
Person parameter estimation Jointly Separately Separately Separately
Usable with fully (in)correct responses No No Yes No
Usable with incomplete data No No No Yes
Usable for model comparison No No Yes No

2.3.2.1.3 Item Pool Size and Distribution

For every IRT test, the size and difficulty distribution of an item pool refers to the range and
distribution of difficulty levels of the items included in the pool. In addition to the fact that a
CAT item pool should ideally be calibrated to an IRT model, the size and distribution of the

item pool are also relevant to its quality and performance.

Item pools for CAT can either be created from scratch based on a blueprint or sourced from
existing tests. When creating a CAT and its item pool from scratch on a blueprint, there are
various ways to design such an "optimal" item pool. Two well-known methods for this are the
linear programming method (Veldkamp & van der Linden, 2000, 2010) and the bin-and-union
method (He & Reckase, 2014; Reckase, 2003). However, item pools generated by both methods
show little difference in comparison (Hsu, 2019).

CATs can also be created by using item pools from existing tests (Ebenbeck & Gebhardt, 2022;
Mills & Stocking, 1996; Mizumoto et al., 2019; Thompson & Weiss, 2011). A well-designed
item pool for CAT should have a sufficient number of items to provide an accurate assessment
of a test taker's ability, and the items should be representative of the content and skills being
measured (Reckase, 2003). Recommendations for a specific number of items vary. Stocking
(1994) recommends an item pool size of 12 times the length of a fixed-length CAT, if the test
length should be reduced by 50% compared to a linear test. Way (2005) extends this
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recommendation by suggesting that this item pool size is also reasonable for CATs with varia-
ble length. However, he notes that such large item pools are especially necessary when the CAT
is intended to be administered frequently and practice effects should be avoided.

Practically developed and implemented CATs sometimes use smaller item pools ranging from
about 30 to 130 items (e.g. Forkmann et al., 2009, Ludewig et al., 2022, Petersen et al., 2010).
Weiss and Kingsbury (1984) note that an item pool with 100 items can provide sufficient results
as long as it covers the range of 6 in the sample. Wyse and Albano (2015) use an item pool with
167 items for a math assessment for grades three to eight for students with and without disabil-
ities, as this number of items can cover multiple grade levels and performance levels. Ludewig
et al. (2021) developed a CAT for reading comprehension in the third and fourth grades in
Germany with an item pool size of 132 items and compared three different fixed test lengths (n
=85, n = 25, n = 8). According to the results, the accuracy and reliability of the CAT decreased
with shorter test lengths.

In general, a larger item pool may be more effective for CAT, as it can provide a wider range
of items to choose from and reduce the risk of biases or measurement errors. The difficulty
distribution of the item pool should also be carefully considered because an unbalanced or
poorly calibrated item pool may result in inaccurate or unreliable test scores (Ebenbeck &
Gebhardt, submitted; Segall, 2005). One option is to use items with a uniformly distributed
difficulty, as this ensures a similar number of items are available for each ability level, and in

particular, examinees in extreme 0 ranges have sufficient items available (Chen et al., 2000).

2.3.2.2 Item Selection

Item selection describes the process of selecting the next item after an examinee has completed
an item. Therefore, two steps are necessary: Firstly, the examinee's ability needs to be estimated
after each item. Secondly, based on the pre-defined item parameters and the examinee's current

estimated ability, the most suitable item needs to be selected.

To estimate the examinee's ability, different ability estimators can be used. Two popularly abil-
ity estimators used in this case are ML and the family of Bayesian estimators (Magis et al.,
2017, p. 41). Each estimator uses the examinee's responses to the items they have taken. After
each answer, the new response is considered to re-estimate the examinee's ability. As more
items are completed, more information about the examinee's ability can be derived. In this way,

the estimation of the examinee's ability becomes more accurate with each item taken. For a
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detailed mathematically description of each of these estimators in the context of CAT, please
refer to van der Linden & Pashley, 2000.

It is necessary to note, that ML estimators are unable to handle fully correct or incorrect re-
sponse patterns (van der Linden & Pashley, 2000, p. 9). This can be particulary problematic at
the start of a CAT. When the first item in answered, the answer is automatically the only re-
sponse of the test so far. As a result, the first answer is always a fully correct pattern (if the first
answer was correct) or an incorrect pattern (if the first answer was incorrect). If the second
answer is the same as the first answer (i.e. both answers are either correct or incorrect), the
response pattern of the examinee is again fully correct or incorrect. However, as more items are
taken, the probability of a fully correct or incorrect response pattern diminishes. This is why
ML estimators are more and more reliable as the CAT progresses but may exhibit performance

issues in the beginning.

Instead, Bayesian estimators can be utilized at the start of a CAT until the examinee no longer
displays a fully correct or incorrect response pattern (Wang & Vispoel, 1998, p. 111). Two
frequently used Bayesian estimators in CAT are the maximum a posteriori estimator (MAP)
and the expected a posteriori estimator (EAP). One characteristic of Bayesian estimators is that
they "incorporate prior information into the data in deriving ability estimates” (Wang &
Vispoel, 1998, p. 110):

"Initially, it is typically assumed that the population ability distribution is normally distributed
(...). This initial assumed ability distribution is called the prior distribution. After the examinee
answers the first item, the likelihood associated with the response is combined with the infor-
mation about the prior ability distribution to create an adjusted ability distribution called the
posterior distribution. This posterior distribution then becomes the prior distribution to be com-
bined with the likelihood associated with the examinee's response to the second item." (Wang
& Vispoel, 1998, p. 112)

It is not clear which method of ability estimation is best for CAT in general. Instead, based on
the advantages and disadvantages of each estimation method, it must be decided for each CAT
which method is the most appropriate. An overview of the advantages and disadvantages in the
context of CAT is provided by Wang and Vispoel (1998, p. 131) based on various simulation
studies: ML estimates particulary high or low abilities less biased than EAP and MAP. How-
ever, it also estimates those high or low abilities with a higher SE when the item pool lacks
items at those corresponding difficulty levels. When compared to MAP and EAP, it results in
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the longest test length for SE-based test terminations (Wang & Vispoel, 1998, p. 131). Also,
ML is not usable on its own at the start of a CAT as it cannot work with fully correct or incorrect
result patterns.

EAP and MAP both estimate abilities with lower SEs than ML. In comparison, EAP leads to
the lowest SEs, but MAP requires the shortest test length for SE-based test terminations. Both
estimators also exhibit bias in estimation for low and high abilities levels (Wang & Vispoel,
1998, p. 131). The use of EAP and MAP is not optimal, as the assumption of a normal distri-
bution influences ability estimation, especially in the beginning of CAT. However, with grow-
ing test length (e.g. of more than 20 items), the influence and bias resulting from those prior
distributions decrease (van der Linden & Pashley, 2000, p. 9).

Since all methods have their flaws, it is also possible to combine ML and a Bayesian estimator
for CAT. In those cases, CAT ability estimation starts with a Bayesian estimator and switches
to ML, when the response pattern is no longer fully correct or incorrect (Magis et al., 2017,
p. 41).

After the examinee's ability is estimated after every answer, a suitable item has to be selected
afterwards. To date, 14 different item selection methods have been introduced for CAT (For a
detailed mathematical description and overview, please see van der Linden & Pashley, 2010,
pp. 11-27, Magis et al., 2017, pp. 42-47 and Bock & Gibbons, 2021, pp. 245-257). However,
a comparative simulation study by Chen et al. (2000) found that the most commonly used item
selection methods showed nearly no precision advantage.

The mostly used rule for item selection is the maximum Fisher information (MFI). MFI is a
standard mathematical rule of ML. Lord (1980) introduced the use of the MFI to select items
in CAT in order to get the most efficient measurement. Under MFI, a set of eligible items is
chosen based on the estimated examinee's ability after an answer. Among the set of eligible
items, the most informative item for the current estimated ability is selected (Bock & Gibbons,
2021, pp. 247-248; Magis et al., 2017, p. 43). The examinee takes this selected item next.

2.3.2.3 Test Starting

A CAT starts with the selection of the first item (Magis & Raiche, 2012). The first item of a
CAT can be selected from the item pool in various ways. Usually, a fixed first item is selected,
which is chosen for every person at the beginning of the CAT. This first item is often selected

based on its 6. Usually, an item with ¢ = 0 is selected as the scale in IRT is centered on the
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examinees 0. An item with ¢ = 0 therefore can be seen as the most informative item when no

further information about the examinee is available.

Another possibility is to incorporate existing information about the examinee. If information
about the examinee is already available at the beginning of the test, this information can be used
to select a first item. "For instance, knowing from previous tests that the examinee has rather
high or low ability level, one can adjust the initial ability level to values larger or smaller than
the average prior ability level, respectively” (Magis & Raiche, 2012, p. 8). If atest is conducted
more frequently in the context of formative assessment, the result of the first test provides an
ideal starting point for selecting the first item for the next test (Thompson & Weiss, 2011).
Adapting the first item to the pre-estimated ability of an examinee does not affect the results
and accuracy of the CAT. Instead, it offers the possibility of a shorter test with fewer items

since the examinee's ability can be reached more quickly (Weiss & Kingsbury, 1984).

2.3.2.4 Test Termination

When developing a CAT, it is necessary to define the conditions under which the test should
end. Test termination rules must be established for every test, as there is no general rule about
which criterion is the best, but rather, the performance depends on the type and purpose of the
test. One possibility are fixed-length CATs, which establish a fixed test length, i.e., a set number
of items that every examinee must answer. Afterward, the examinee's ability is estimated. An-
other possibility are variable-length CATs, which do not have a fixed test length. Instead, an-
other criterion for stopping the CAT algorithm is used (Thompson & Weiss, 2011). Once the
CAT s stopped, the examinee's ability is estimated. Fixed-length CATs do not provide any
psychometric advantages over variable-length CATs. Additionally, variable-length CATs do

not result in biased testing, as earlier studies had suggested (Babcock & Weiss, 2009).

There are multiple stopping rules for variable-length CATs. One often considered rule is the
precision criterion (Magis et al., 2017, pp. 47-48): The precision criterion stops the test when
the ability can be estimated with a predetermined level of accuracy, based on a SE that must be
equal to or smaller than the target SE. Michiel et al. (2008) compared maximum SE(6) < 0.3, <
0.4,<0.5,<0.6,<0.7,and < 0.8. Using SE(0) < 0.3 led to an average test length reduction of
about 22% (8 items less). Using SE(0) < 0.4 led to an average test length reduction of about
67% (25 items less). With SE(0) < 0.5, the average test length reduction was 81% (29 items
less). The measurement accuracy decreased with increasing SE (SE(0) < 0.3: r =.996, SE(0) <

0.4:r=.949, SE(0) < 0.5: r =.895). Similar results were also found by Ebenbeck and Gebhardt
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(2022), who also compared SE values of 0.3, 0.4, and 0.5, and demonstrated a reduction in test

length and measurement accuracy for students with and without SEN as SE increased.

Another stopping rule that can be used for variable-length CATSs is the information criterion.
The information criterion stops the test when the remaining items in the item pool do not have
enough information to further estimate the examinee's ability. To prevent the administration of
items that would only result in a longer test without providing additional information, a mini-
mum information value is defined for each item before it can be selected. It is also possible to
combine multiple stopping rules, such as a length and precision rule, to customize the test to its
intended purpose. Stafford et al. (2019) conducted a comparison of the precision criterion with
two other variable-length stopping rules, namely the information criterion and the expected
change in 0. The study found that the precision criterion offered the best balance between meas-
urement accuracy and test length, resulting in the shortest tests. Moreover, the addition of a
maximum number of items in the form of a fixed-length CAT further improved the performance
of the CAT. Similarly, Dodd et al. (1993) demonstrated that the precision criterion leads to
shorter and more accurate tests compared to the information criterion. This finding was con-

sistent across item pools containing 30 or 60 items and across various CAT settings.

2.3.2.5 Response Pattern and Test Scoring

In a CAT, students do not answer every item in the item pool. Instead, they are presented with
a selection of items that match their estimated ability level. While this approach shortens the
test length compared to non-adaptive tests, it can pose challenges when it comes to scoring the
test (Wang & Kolen, 2001):

In non-adaptive tests, the maximum score is determined by the number of items. For example,
in a basic Rasch model test, every correct answer would give one credit, and the score would
be the number of correct answers. More complex non-adaptive tests could assign multiple cred-
its per item. However, in a CAT, the number of correct answers cannot be used for scoring.
Firstly, due to the stopping rule, students could have different test lengths and therefore differ-
ent maximum numbers of items to answer, leading to different maximum scores between stu-
dents. Secondly, students can receive a different selection of items with varying difficulty dis-
tributions. Even if students answered the same number of items correctly, their difficulty level
could differ, making the results not comparable. Hence, other scoring methods are used in CAT,

with proficiency estimates (i.e., 6 values) being the most commonly used method. These
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estimates are calculated after every answer and again after the final answer (Stone & Davey,
2011, 4).

For the same reasons, sum scores cannot be used to compare results from non-adaptive and
adaptive tests. Instead, the percentage of correctly solved items can be used, although this
method also does not take into account the difficulty of each task (Ling et al., 2017; Vispoel et
al., 1994). In their study, Vispoel et al. (1994) showed that the percentage of correctly solved
items did not significantly differ for each examinee between a non-adaptive test and the same
test as an adaptive test, despite the tasks being of varying difficulty. The average proportion of
correctly solved items was about 80%. Ling et al. (2017) found similar results. The proportion
of correctly solved items did not differ significantly between adaptive and non-adaptive tests,
with both having a proportion of about 50%. Students with higher abilities also proportionally
solved more items correctly in the adaptive test compared to students with lower abilities. Hel-
wig et al. (2002) also demonstrated that students without SEN performed significantly better
on both an adaptive and a non-adaptive test than students with SEN. The results between the

adaptive and non-adaptive tests did not differ significantly.

In summary, CAT is a procedure with a lot of potential for DBDM in schools. This is partly
due to the fact that CAT simplifies and shortens the implementation and evaluation process for
both teachers and students. With CAT, it is likely that student groups with heterogeneous per-
formance distributions can be measured with the same test. However, there is a research gap in
the area of CAT for students with SEN. There are few empirical studies that have included this
group of students in their samples. Most of the findings are of a methodological nature and do
not relate to specific application contexts or groups of people. Furthermore, there is no literature
on the response patterns of students with and without SEN and their comparison between dif-
ferent types of tests. This is problematic, as students in the lower performance spectrum and
with SEN could benefit greatly from CAT.

To partially address this research gap, three studies are conducted in the empirical part of this
study. These studies focus on the development and simulation of multiple CATs based on data
from students with and without SEN. The performance of the CATs and the simulated students
themselves, as well as their response patterns and response behavior, are evaluated. The meth-

odology of the studies is presented in the next chapter.
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3 Empirical Research Process

CAT has the potential to improve the assessment of struggling students or those with SEN. This
study aims to investigate the development and performance of CAT for students with different
performance levels through simulation studies. The chapter is structured as follows: First, the
instruments used in the three studies will be described. Second, the sample, sample selection,
and how they will be used throughout the studies will be explained. Third, the designs and
procedures of the three simulation studies will be described in detail, starting with study 1 and
ending with study 3. The different simulation runs will be addressed, and the simulation pro-
cesses will be explained and illustrated. The research questions for each study will also be ex-

plained.

All research questions will use an existing reading screening as an example and generated data.
Reading is considered an exemplary academic performance area since it is a fundamental skill
required for success in many academic subjects and in life outside of the classroom. Therefore,
it is important to assess and improve reading skills for students with low abilities or SEN, who
may face additional challenges in developing this skill. Additionally, reading is a skill that is
included in the curriculum for both students with and without SEN, ensuring comparability.
Finally, the choice to focus on reading as an exemplary academic performance area was made
with the understanding that the methodology and results of the study can be applied to other
academic subjects. While reading is the primary focus of this work, the findings of the studies
are relevant to other skills and subjects.

3.1 Instruments

To develop an adaptive test, a German modular reading screening test comprising four subtests
was used. These subtests measure different subareas of reading that are relevant to reading in-
tervention, including phonological awareness (subtest 1), security of lexical recall (also known
as "vocabulary,” subtest 2), speed of lexical recall (also known as "flash reading,” subtest 3),
and sentence comprehension (subtest 4). Initially, the screening was developed as an analog
paper-pencil test (Ebenbeck et al., 2022). In a second step, it was modified and transformed into

a digital web-based version that can be used on a tablet or computer (Ebenbeck et al., 2023).
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Subtest 1 evaluates the level of phonological awareness as a proximal ability that students have
developed. Phonological awareness is a crucial aspect of phonological information processing
(Wagner & Torgesen, 1987), which is essential for reading development. Each item in this
subtest displays a pictogram representing a word from the basic vocabulary, along with a gra-
phemic representation of a sound. In this task, students are required to identify whether the
corresponding sound appears at the beginning, middle, end, or not at all in the word depicted in
the pictogram (Figure Al). The subtest consists of 35 items, and students are given a time limit

of five minutes to complete them.

Subtest 2 assesses the reliability of students' ability to recall knowledge about words from their
mental lexicon. The reliability of lexical recall is demonstrated by students' ability to access
their word knowledge. Insufficient vocabulary can have an impact on students' reading acqui-
sition and later reading comprehension (Rothlisberger et al., 2021). Reading a text fluently and
understanding its meaning is only possible if the reader knows a sufficient number of words.
The yes/no method (Richter et al., 2012; Trautwein & Schroeder, 2019) is used to measure this
skill in subtest 2. In this method, students read a word and then decide whether it is a real word
or a pseudoword (Figure A2). The subtest consists of 52 items, with 50% being real words and
50% pseudowords. Students are given a time limit of five minutes to complete the subtest.

In addition to the security of lexical recall, the speed of lexical recall from the mental lexicon
is also an important factor for reading speed (Ennemoser et al., 2013). To achieve high reading
speed, it is necessary that words are recognized directly as whole words rather than being re-
coded through their letter structure (Coltheart et al., 2001). Therefore, subtest 3 presents words
briefly on the screen, with a display duration between 0.5 and 2 seconds, to measure the speed
of lexical recall. After the display time, students select which of four possible words they have
read. The subtest comprises 30 items, and there is no time limit to complete it (Figure A3).

Subtest 4 assesses sentence comprehension through a gap-filling task. Each item consists of a
sentence with a gap that can be filled by one of four answer choices. The gap may be caused by
various omissions in the sentence. The item pool for this subtest includes 75 items, and students
have a time limit of five minutes to complete them. However, for the development of the adap-
tive test, only the first 35 items of subtest 4 were evaluated because at least 25% of the students

were able to solve this number of items (Figure A4).

The reading screening was specifically developed for use in inclusive classes and heterogene-

ous learning groups to account for the performance heterogeneity of students and focus on those
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with low reading abilities. The target group for this screening is students in second to fourth
grade at inclusive primary schools and special schools. As all subtests are competency-based,
they can be administered as soon as a student has acquired the necessary prerequisites. For
subtest 1, students should have completed letter acquisition or phoneme-grapheme correspond-
ence. For the other three subtests of the screening, at least synthetic reading of words or sen-
tences is required. Synthetic reading involves recoding words "letter by letter" and is not yet
done with whole words (Coltheart et al., 2001).

The screening can be administered digitally through a tablet or compute using the website
www.levumi.de, with the use of a tablet being recommended. All subtests are designed to be
simple to navigate, with no special motor skills required such as drag and drop. All subtests are
presented in a single-choice format.

Subtests 1, 2, and 4 are speeded tests (Gulliksen, 1950; Pomplun et al., 2002), with a maximum
completion time of five minutes. Speeded tests have varying levels of difficulty, allowing for
the measurement of a wide range of abilities, and also to enable student performance to be
measured based on the number of items attempted within the time limit. The use of a time limit
can be helpful for both teachers and technical considerations. It allows teachers to better plan
the duration of the assessment and ensures that the test does not take up too much time in the
classroom. It also allows for more efficient use of technical resources, such as tablets or com-
puters, as the test can be completed in a set amount of time. It is important to note that the time
limit is not intended to create pressure for measurement, but rather to allow for easier planning
of the assessment and test run and to prevent low-performing students from becoming over-

whelmed by a lengthy test.

Subtest 3, on the other hand, has no maximum processing time, and the test ends once all 30
words have been presented. As a result, this subtest is considered a power test (Kline, 2015),
with varying item difficulties used to measure a range of abilities. The number of items worked,
therefore, is not an indicator of performance. The total processing time for the screening is

between 15 and 20 minutes.

It has been demonstrated that each subtest of the analog paper-pencil test version fits the unidi-
mensional Rasch model (Jungjohann et al., submitted). This allows for flexible use in everyday
teaching, as all four tests can be administered consecutively, or each subtest can be administered
separately and independently of the others. Each subtest is evaluated individually. Therefore,

each subtest has a single score, but there is no total score for the entire screening.
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3.2 Sample Description

In an inclusive class, there can be a high degree of heterogeneity in abilities, such as reading.
To reflect this heterogeneity in simulation studies, different grade levels and school types were
included in the sample. Between November 2022 and January 2023, 400 German students were
tested using the digital reading screening. The sample included 357 students from grades 2 (n
=123),3 (n =135), and 4 (n = 99) at inclusive primary schools. The students' ages ranged from
6to11years (M =8.43,SD =1.07,16 NA), and they were in their first to fifth school attendance
year (M = 3.06, SD = 0.91). Of these students, 31 had an identified SEN-L, 12 had an identified
SEN-S and 12 had an identified dyslexia (for an explanation of the view and definition on these

SEN in Germany, please see 2.1).

To include students with SEN-1 in the sample, additional 43 students from private special
schools with a focus on intellectual development were included. To ensure that students had at
least completed letter acquisition, teachers selected students from their classes in advance, but
it was not possible to verify the accuracy of their assessments. At these schools, students are
typically only divided into grade levels in primary school, and in middle school, students of
similar ages are placed together in one class, which may not necessarily correspond to their
grade level. Of the 43 students, 13 are in primary school (6 in grade 3 and 7 in grade 4), and 30
are in secondary school. The students range in age from 8 to 15 years old (M = 11.57, SD =
1.91) and have attended school for 2 to 9 years (M = 6.03, SD = 2.24). The class teachers pro-
vided information on the severity of the disability, with 19 students having a mild intellectual
disability, 12 students having a moderate intellectual disability, and 4 students having an 1Q
value in the range of BI. Since these students still require support for intellectual development,
they were evaluated along with the students with intellectual disabilities. Nine of the students

did not complete subtest 4.

The total sample consists of 400 students, with 78.5% without SEN, 7.75% with SEN-L,
10.75% with SEN-I and 3% with SEN-S. Some students have multiple disabilities, such as a
behavioral disorder in addition to SEN-L, but these additional disabilities are not evaluated
separately in this sample. Of the total sample, 42.75% are female, 34.75% are male, and for

22.5% no information about gender was available.
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3.3 Research Questions and Procedures

Three studies are conducted successively in order to further develop the digital reading screen-
ing into an adaptive one and to compare its performance towards a generated item pool for
different student groups with and without SEN. For all statistical data analyses, the free pro-
gramming language R (R Core Team, 2022) is used with the programming interface RStudio
(RStudio Team, 2020). For data cleaning, wrangling, reshaping, and visualization, the open-
source package collection tidyverse (Wickham et al., 2019) is used. The syntax of the analyses
is available on the Open Science Framework (Ebenbeck, 2023).

3.3.1 Study 1: Simulating Screening SubCATSs of Inclusive Student Groups
3.3.1.1 Research Questions

Study 1 investigates how to set up an adaptive test based on the item pool of the reading screen-
ing. To achieve this, four research questions are explored:

Are the item pools of the reading screening suitable for CAT?

The effectiveness of a CAT largely depends on the quality of the item pool that is used. If the
item pool is unsuitable for CAT, then the adaptive testing approach may produce inaccurate
results or fail to identify individuals who require further intervention or support. To mitigate
this issue, it is necessary to evaluate the suitability of the item pool. This involves ensuring that
the items meet the necessary psychometric criteria of the Rasch model, such as reliability and
unidimensionality. Also the items should be checked for fairness and coverage of a range of
difficulty levels, from easy to difficult, to provide sufficient measurement precision and varia-
bility. The difficulty values of each item are also needed to set up the CAT algorithm later.
Therefore, assessing the suitability of the item pool is critical for ensuring that the adaptive

testing process is effective and can accurately measure individual differences in reading ability.
Does the inclusive sample show sufficient performance heterogeneity?

Simulation studies will be conducted to simulate the performance of a CAT in an inclusive
setting. Assuming that inclusive learning groups are characterized by their performance heter-
ogeneity, it is important to ensure that the input data for the simulation are also as heterogeneous

as possible in their performance. Insuring the heterogeneity of the sample is also crucial to
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ensure that the simulation results are generalizable to all students, regardless of their disability

status.

Which stopping rule is suitable for test length reduction? Can the accuracy of testing

be maintained despite shorter test runs?

Adaptive testing tailors the test to the individual's ability level, potentially shortening test length
while maintaining accuracy. However, a suitable stopping rule must be identified to end the test
early without compromising accuracy. A weak stopping rule may prolong testing, causing stu-
dent fatigue and decreased motivation and negatively affecting accuracy. Conversely, a stronger
stopping rule may lead to inaccurate measurements. Shortening test length is also crucial in
schools with limited time and resources for diagnostics.

What influence does the size and distribution of the item pool have on test length reduc-

tion and measurement accuracy for different groups of students?

The influence of item pool size and distribution on test length reduction and measurement ac-
curacy is an important consideration in CAT. A larger item pool has been shown to lead to more
accurate measurement, provided that the difficulty distribution is wide enough (Ebenbeck &
Gebhardt, submitted). However, if the item difficulty is clustered within a narrow range, it may
limit the adaptive range of the test and result in less accurate measurement. Conversely, a wider
distribution of item difficulty may allow for a more precise estimation of an examinee's ability
and result in more efficient testing. Understanding the influence of item pool size and distribu-
tion on test length reduction and measurement accuracy is crucial in designing and implement-

ing effective CATS, especially for different groups of students with SEN.

3.3.1.2 Research Process

To assess the performance heterogeneity of students in the sample, the number of attempted
items ("attempts™), the number of correctly solved items (“sum score™), and the number of in-
correctly solved items ("error score™) for each student are considered. The maximum, mini-

mum, and average values for each subtest are calculated.

For the psychometric analysis of the subtests, the R package pairwise (Heine, 2022) was used.
This package provides functions for analyzing the one-dimensional Rasch model and uses the
pairwise method to calculate ¢ and 6. The pairwise method is chosen because some students

could not answer all items within the given time, which resulted in missing values in the data
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set. The pairwise method is capable of handling missing values and calculating ¢ and 6 accu-

rately, nonetheless.

To assess item fairness, we compared the fairness of items for each subtest using a graphical
model test that employed the Andersen Likelihood Ratio test (Andersen, 1973) with median and
random split. The Andersen Likelihood Ratio test is a goodness-of-fit test that evaluates
whether the observed responses to items fit the Rasch model. The log-likelihood ratio of the
observed data is compared to the log-likelihood ratio of the expected data under the Rasch
model. If the difference between these two log-likelihood ratios is statistically significant, it
indicates that the observed data does not fit the Rasch model well. The median split has been
shown to have better statistical power than the random split and is therefore recommended in
the literature (Krammer, 2018). However, the random split can provide additional information
if it is not used as the only split criterion. Misfitting items, which do not conform to the Rasch
model's assumptions, can have too few or too many response categories, display differential
item functioning across different groups, or exhibit unexpected response patterns. By identify-
ing misfitting items, one can revise or remove them to improve the overall fit of the Rasch

model to the data. Conspicuous items are removed as appropriate.

After removing any misfitting items, a one-dimensional Rasch model for each subtest is com-
puted and o and 6 for each subtest are extracted. In the Rasch model, ¢ are typically expressed
on a logit scale and take values between -o0 and +co. Negative values indicate easier items and
positive values indicate harder items. Additionally, the mean squared residual based (MSQ)
infit and outfit statistics are used to assess the fit of items or persons to the Rasch model. The
infit statistic is a measure of how well the response of a person or an item fits the model at a
particular point on the measurement continuum. It is calculated by comparing the expected
response to the observed response, and the squared difference is weighted by the estimated
variance of the item or person. The infit statistic is sensitive to unexpected responses that occur
close to the expected value. The outfit statistic is also a measure of how well the response of a
person, or an item fits the model, but it is less sensitive to unexpected responses that occur close
to the expected value. Instead, it is more sensitive to unexpected responses that occur at the

extreme ends of the measurement continuum (Linacre, 2002).

Optimal values for MSQ infit and outfit statistics fall between 0.5 and 1.5. Values up to 2.0 are

generally acceptable and do not compromise the measurement system. However, values
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exceeding 2.0 can distort or degrade the measurement system, while values below 0.5 are less

productive for measurement but do not cause degradation (Linacre, 2002).

Additionally, person-item maps, also known as Wright Maps, are generated for each subtest to
show the relationship between 6 and o in the Rasch model (Lunz, 2010). In these maps, 0 are
plotted on the horizontal axis, while o are plotted on the vertical axis. Each person is represented
by a dot, and each item is represented by a horizontal line or a series of adjacent points. The
position of each item on the map represents its difficulty level, with easier items located closer
to the left-hand side and more difficult items located closer to the right-hand side. The position
of each person on the map represents their 6 level, with more able persons located higher on the
map and less able persons located lower on the map. The person-item maps are also used to
identify gaps in the coverage of the skill being measured by the item pool.

The subtests measure 6 to some extent, but they have a ceiling effect since the contents of the
subtests focus on the lower ability range. Particularly in the first three subtests, a high percent-
age of students are expected to solve all or almost all items correctly. Therefore, their actual 6
may be assessed as lower than they really are. To avoid this ceiling effect, in the next step, the

students' 0 are generated (n=1000) based on the true M and SD without the ceiling effect.

With the calculated o and the generated 6 per subtest, adaptive testing is simulated for each
subtest (“subCAT”) using the R package catR (Magis & Barrada, 2017). This package is useful
for generating response patterns and CATSs based on one-dimensional IRT-based item pools.
To set up a CAT algorithm for each subtest, four algorithm steps must be defined with catR:
the Initial Step, the Test Step, the Stopping Step, and the Final Step. In the Initial Step, the first
item is selected. In the following Test Step, items are selected based on the student's answers
and 6 estimates are updated after each answer. If the given stopping rule is satisfied, the item
administration ends in the Stopping Step. Finally, in the Final Step, the student's final 6 estimate

is calculated (Figure B1).

The subCATSs are set up with the following settings: The first item of each subCAT is one of
average difficulty of all items, which is the common way to proceed (Weiss, 1985; Magis and
Raiche, 2012), since an item with average difficulty is most meaningful at the beginning. The
first item is pre-set to ensure the same starting item for each test run. For ability estimation in
the Test Step and Final Step, a recommended procedure of Magis et al. (2017) is used to avoid
the problem of infinite estimators for fully correctly or incorrectly answered test items. That

way, the subsequent item selection within a test run is performed using MFI, which is also the
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most commonly used method of item selection (Barrada et al., 2009), in combination with the
Bayesian modal estimator (Birnbaum, 1969) and a normal distributed prior distribution. The
final ability is estimated using ML. This combination of CAT settings has already been suc-
cessfully proven for samples including students with SEN (Ebenbeck & Gebhardt, 2022;
Ebenbeck & Gebhardt, submitted).

In order to simulate sUbCATSs that measure with a certain level of accuracy, three different
stopping criteria are used for each subtest simulation. Specifically, the simulations use three
different SE values as stopping criteria (SE(0) = 0.3, SE(6) = 0.4, SE(0) = 0.5). The SE value
represents the level of precision with which 0 can be estimated by the CAT. Terminating the
CAT with SE(0) = 0.3 results in the most accurate measurement of 6 compared to termination
with SE(0) = 0.4 or SE(0) = 0.5. However, a smaller SE also means a longer test length. Since
the initial item pools of the non-adaptive screening are relatively small, the CAT measures more
efficiently than the non-adaptive screening if it can achieve an average test length shorter than

the number of items in the screening, using any of the three SE stopping criteria.

The resulting test length, test accuracy (in terms of the correlation between true 6 and estimated
0), and the percentage of successful test discontinuations due to the discontinuation criteria are
evaluated and compared. The resulting test lengths are compared to the average and maximum
achieved test lengths of the non-adaptive screening to determine whether CAT is a suitable

extension for the subtest.

To evaluate the performance of the CAT in extreme ranges, three additional individual simula-
tions are conducted for one person each with 6 values of -1, -3, and 3, and their results are
compared. These individual simulations reveal that the screening item pools have a higher num-
ber of missing easy items. To eliminate the possibility that the study's results are solely due to
the narrowness of the screening item pools' o, another item pool (n = 100) is generated with a
range of -3 < ¢ < 3 for further simulations. This larger and more widely distributed item pool

allows for a more comprehensive and accurate measurement of students' 0.

Using this generated item pool and the stopping rule SE(6) = 0.5, along with the other CAT
settings from previous simulations, four additional simulations of 1000 test runs each are per-
formed, one for each subtest, and compared to the screening item pools in terms of test length,

accuracy, and the percentage of successfully terminated test runs (Figure B2).
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3.3.2 Study 2: Simulating a Screening CAT of Inclusive Student Groups
3.3.2.1 Research Questions

In the previous study, each subCAT started with a fixed item, which provided the CAT algo-
rithm with the initial information about the examinee. As more information was obtained over
the course of the test, the estimation of the examinee's 6 became more accurate. However, in a
screening, students typically complete multiple subtests in succession. When starting a new
subtest, there may already be information available from previous tests, which could potentially
reduce the number of items needed to obtain information about the student's 6. Therefore, the
hypothesis is that using this previous information can lead to a more accurate and shorter meas-
urement in the subsequent subCATSs. This approach involves combining the subCATS into one
screening CAT. Study 2 investigates whether connecting different subCATSs into one large
screening CAT leads to a more efficient measurement. To accomplish this, three research ques-

tions are explored:

Does linking the subCATSs through a modified starting rule lead to a reduction in test

length? Does this linking have an impact on the accuracy of the measurement?

This question aims to determine whether linking the subCATSs and utilizing information from
previous subtests can enable the CAT algorithm to adapt more quickly and accurately to the
student's 6 level, potentially resulting in a more efficient and accurate measurement. This in-
volves changing the start rule of the following test, where no fixed item is used and the esti-
mated 6 of the person from the previous test is used as input. This could lead to not only a
shorter and more accurate measurement, but also a more convenient implementation, as only

one screening test needs to be started in a session instead of four subtests.

Does the size and distribution of the item pool have an impact on whether the linking of
the subCATSs is effective?

The size and distribution of the item pool can have an impact on the effectiveness of linking
SubCATSs in a screening CAT. If the item pool is too small, there may not be enough items to
accurately measure the true 6 of all students. Additionally, if the item pool is not well-distrib-
uted in terms of o, it may lead to inaccurate measurement. If a student's 6 was measured inac-
curately in the subCAT before, it could lead to even more inaccurate measurement in the linked

SubCAT. Therefore, the influence of item pool size and o distribution on the effectiveness of
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linking subCATSs needs to be investigated in order to optimize the design and implementation

of screening CATS.

Does the correlation of the subtests have an impact on whether the linking of the sub-

CATs is effective?

The linking of subCATSs is based on the assumption that the 0 level of the examinee in the
previous test provides relevant information for the subsequent subCAT. However, this assump-
tion is likely only valid if there is a certain degree of correlation between the examinee's 0 levels
across different subtests. Therefore, analyzing the correlation of 0 levels between subtests can
offer valuable insights into the effectiveness of the linkage.

3.3.2.2 Research Process

To answer these questions, the total scores of the reading subtests in the screening test are cor-
related with each other using the Pearson product-moment correlation coefficient (Pearson,
1920). The Pearson product-moment correlation coefficient is a statistical measure that evalu-
ates the linear relationship between two continuous variables. It measures the degree of associ-
ation or relationship between the two variables. The Pearson correlation coefficient ranges from
-1 to +1, where -1 represents a perfect negative correlation, +1 represents a perfect positive

correlation, and 0 represents no correlation.

Next, six different simulations of screening CATs are performed using the R package catR.
Therefore, the CAT algorithm settings that were checked in the previous study are used: the 6
after each answer is estimated via Bayesian Modal Estimator and the next item is selected using
MFI. The final 0 is estimated using ML. Each test run is terminated after SE(6) = 0.5 is achieved.

Because a connected screening CAT is being estimated, it is not possible to use the generated
0 as in study 1. With the generated 0, it is not possible to track how a person performs across
the various subtests and how 6 are related. To maintain these relationships in the simulation,

real 0 are used instead, and they are not adjusted for the ceiling effect.

The simulations differ in their data input and start rule. Simulation 1 uses the screening test's
item pools and real 6 as input. The subCATSs are not linked and use a fixed start item, as in
study 1. Simulation 2 also uses the screening test's item pools and real 6 as input but links the
SubCATs (Figure B3). Therefore, subCAT 1 has a fixed start item, while the following sub-

CATSs use the previously estimated 6 as input to select an appropriate first item.
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To ensure that the correlations between the subtests are not too low for connecting, simulations
3 and 4 use perfectly correlated 6 (Figure B4). This means that people are simulated to have
identical 6 in every subtest, for example, 6 = -1 in every subtest. In simulation 3, the SUbCATSs

are not connected, while in simulation 4, they are connected.

To investigate whether the size of the item pool and the distribution of o are crucial for a suc-
cessful connection of subCATS, simulation 5 and 6 use the item pool generated in study 1 as
the basis for each subCAT in the simulated screening (Figure B5). In simulation 5, the SUbCATSs

are not connected, while in simulation 6, they are connected.

All simulations are evaluated in terms of their average test length, the correlation between the
true and estimated 6, and the proportion of successfully stopped test runs. Additionally, the
difference between a connected and unconnected CAT for real and fixed 6 is demonstrated and

analyzed in individual test runs to identify characteristics.

3.3.3 Study 3: Comparing Students’ Simulated CAT Performance
3.3.3.1 Research Questions

Study 3 investigates how students with SEN perform on different kinds of CATs and how their
performance differs from that of students without SEN. To achieve this, the following research

questions are explored:

Do students with and without SEN perform differently on the reading screening that

serves as the basis for the simulation of screening CATs?

To determine whether students with and without SEN perform differently on the screening is
crucial when simulating those student groups. If the 6 distribution of students with and without
SEN differs, it is more sensible to simulate these groups separately. If the abilities of student
groups, such as those with and without SEN, do not differ, a combined evaluation and simula-

tion are more appropriate.

To what extent does the test length and accuracy of a CAT change compared to a non-

adaptive test for students with and without SEN?

The effectiveness of CAT is shown by a shorter test duration with the same accuracy compared

to the same test without an adaptive algorithm. Accordingly, a comparison of these two test
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formats shows whether CAT leads to an increase in efficiency. If the results show that CAT
leads to a shorter test length without compromising measurement accuracy, it may be a more
efficient and less burdensome testing method for students with SEN who have difficulty with
longer tests. In addition, if CAT proves to be as accurate or more accurate than non-adaptive
tests, it may provide a more equitable assessment for students with SEN who have difficulty

with certain types of test items or formats.

Does the size and distribution of the item pool affect whether students with and without
SEN perform differently on a CAT?

From study 2, it is already known that differently sized and distributed item pools lead to dif-
ferent results when used as input for CAT simulations. This study aims to investigate the extent
to which this affects the performance of the test for students with and without SEN. If certain
item pools are found to disadvantage students with SEN, it may be necessary to modify the item

pool to ensure that the CAT accurately measures the ability of all students.

Does the use of an easier first item affect the accuracy and test length of an adaptive
test for students with and without SEN? Does the size and distribution of the item pool

play a role?

In study 2, it was found that connecting the subCATSs based on the start rule did not add any
value to the measurement. To accommodate weak students in a CAT in a different way, the
added value of a modified first fixed item will be investigated. It is assumed that an easier start

item could help to estimate the ability of weak students faster.

Does the ratio and number of correct and incorrect answers in the CAT differ from a
non-adaptive test for students with SEN? Additionally, does the size and distribution of

the item pool have an impact on this comparison?

In the previous studies of this thesis, it was shown that low-achieving students often answer a
large number of items incorrectly, resulting in a high error rate per test run. This study aims to
investigate this issue further. Specifically, it will examine whether the size and distribution of
the item pool have an impact on the number of items solved correctly and incorrectly. If there
is a significant influence of the item pool, it may be necessary to consider adapting the item

pool to ensure more accurate and equitable measurement of 6.
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3.3.3.2 Research Process

To better assess students' reading performance, the Pearson product-moment correlation coef-
ficient is first used to correlate the covariates of year of school attendance, grade level, and age
of students. When factors are highly correlated with each other, they provide similar infor-
mation. Therefore, it is often unnecessary to evaluate all factors in such cases. Instead, the var-
iable that is present for the most students can be used. The grade level is then selected as this

differentiating factor.

A one-way Analysis of Variance (ANOVA, Fisher, 1921) is used to examine whether students'
reading performance differs between grade levels for each subtest. An ANOVA is a statistical
method used to compare the means of three or more groups to determine if there are significant
differences between them. The ANOVA test calculates an F-statistic, which is the ratio of the
variance between groups to the variance within groups. If the F-statistic is greater than the
critical value for a given level of significance, then it is concluded that there is a significant
difference between at least two of the groups. If there are significant differences, it can be as-
sumed that the reading screening is able to differentiate between groups with different reading

performances.

The next step is to examine whether students with SEN scored differently on the four subtests
of the reading screening than students without SEN using an independent samples t-test for
each subtest (Student, 1908).

A t-test, like an ANOVA, is a statistical method used to compare the means of groups. While
an ANOVA compares three or more groups, a t-test compares the means of two groups and
determines if there is a significant difference between them. The test is based on the t-distribu-
tion, which is a probability distribution that describes the likelihood of obtaining a particular
sample mean given the population mean and standard deviation. The t-test calculates a t-statis-
tic, which measures the difference between the sample means and takes into account the varia-

bility of the data within each group.

Further, the unidimensional Rasch model is calculated for each subtest, as in study 1. The esti-
mated 6 from the Rasch model are then divided based on SEN status. M and SD of the subtests

for each group are used to generate 6 without ceiling effects for the simulations

To evaluate the performance of adaptive tests for students with and without SEN, twelve dif-
ferent simulations are conducted. The first two simulations simulate 1000 students with SEN
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(simulation 1) and without SEN (simulation 2) taking the reading screening as a non-adaptive
test, meaning they answer all items in the four item pools. No time limit is simulated, and the
four subtests are worked on until all items have been answered, representing a simulation of

pure power tests.

In the third and fourth simulations, 1000 students each with (simulation 3) and without SEN
(simulation 4) are simulated performing the adaptive reading screening as in study 1. The sub-
CATs each start with a moderately difficult item. The same procedure is followed in the fifth
and sixth simulations. First, 1000 students with (simulation 5), then 1000 students without SEN
(simulation 6) are run. In contrast to the previous two simulations, however, the subCATSs now

start with an easy item (c = -1).

Simulations 7 to 12 have the same settings as simulations 1 to 6. However, instead of using the
real thetas of the reading screening subtests, a generated item pool with 100 items (-3 < ¢ < 3)
is used. Accordingly, simulations 7 and 8 each simulate a non-adaptive test with a full item pool
for 1000 students each with and without SEN. Simulations 9 and 10 simulate an adaptive test
with a moderately difficult starting item for students with and without SEN. Simulations 11 and

12 simulate an adaptive test with an easy starting item for students with and without SEN.

Apart from the starting rule, the previously known settings for the adaptive algorithm are used.
Accordingly, 6 is estimated after each answer using the Bayesian Model Estimator, and the next
item with the highest MFI is selected. The CAT terminates when the 6 can be estimated with a
SE(0) = 0.5. The final 6 is estimated using ML. For each simulation, the mean test length and
the correlation between true and estimated 6 are analyzed. In addition, the percentage of test

runs that could be successfully terminated due to the stopping rule is evaluated.

For simulations 1, 5, 7, and 11, the distributions of the number and proportion of correctly and
wrongly solved tasks are examined. Thus, a non-adaptively performed reading screening (sim-
ulation 1), an adaptively performed reading screening with a simple start item (simulation 5), a
non-adaptively performed test with generated item pool and simple start item (simulation 7),
and an adaptively performed test with generated item pool and simple start item (simulation 11)

can be compared in this context.
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4 Results

This chapter presents the results obtained from three simulation studies. The studies were con-
ducted to investigate the potential of CAT in the assessment of student groups with and without
SEN on the example of a reading screening. The chapter is divided into three main sections,
each reporting the findings of a different study. The first study focused on the simulation of
CAT for each subtest (“subCATs”) of the reading screening. The second study simulated the
whole screening as CAT. Both studies examined the efficiency and accuracy of these measures.
The third study compared the simulated CAT performance of students with and without SEN.
The findings of each study are presented in detail, starting with the descriptive statistics and

results of the simulations and then discussing the implications and limitations of the findings.

4.1 Study 1: Simulation of a Computerized Adaptive Reading
Screening for Inclusive School Use

4.1.1 Results

Out of the 400 students who were measured, 393 completed all subtests as shown in Figure 1.
However, nine students with SEN-I had difficulty with sentence reading during the sample task
of subtest 4, so this task was omitted for them.

In subtest 1, students completed between 7 and the maximum number of 35 items in five
minutes (Md = 35, M = 31.67, SD = 6.57). Their accuracy ranged between 5.7% and 100% (Md
=85.71, M =78.02, SD = 20.42). In subtest 2, students completed between 7 and the maximum
number of 52 items in five minutes (Md = 52, M = 46.94, SD = 9.93). Their accuracy ranged
between 37.50% and 100% (Md = 91.21, M = 85.55, SD = 14.38). Subtest 3 had no time limit
but was discontinued when all 30 items were answered, thus all students completed the subtest.
Their accuracy ranged between 13.33% and 100% (Md = 90.00, M = 85.27, SD = 18.02). In
subtest 4, students completed between 0 and the maximum number of 35 items within five
minutes (Md = 25, M = 24.14, SD = 9.71). Their accuracy ranged between 11.11% and 100%
(Md =72.22, M = 66.19, SD = 24.22).

The number of items processed varied within each subtest. Although the majority of students
were able to complete all items in subtests 1, 2, and 3, there were some outliers who completed

significantly fewer items within the allotted time. This suggests a slower processing speed,
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which could affect their overall score as the maximum processing time is taken into account.
Furthermore, high error rates were observed across all tests, indicating that the tests were not

necessarily too easy for the student population being assessed.
Figure 1

Distribution of the number of attempted items, error score and sum score for subtest 1, 2, 3,
and 4.
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To ensure that each subtest is a good fit of to the Rasch Model, Andersen’s Likelihood Ratio
tests were performed using both median and random split. Results indicated that subtest 1, 2,
and 3 show no significant differences for median (subtest 1: ¢* (69) = 58.86, p = 0.80; subtest
2: %2 (103) =0, p = 1; subtest 3: 42 (59) = 0, p = 1) and random split (subtest 1: 2 (69) = 33.23,
p = 1; subtest 2: ¥ (103) =59.22, p = 1; subtest 3: ¢ (59) = 19.68, p = 1). Subtest 4 also shows
no significance for random split (%2 (59) = 29.67, p = 1). However, for the median split, there is
a significant difference in o for students below and above the median (2 (59) = 194.73, p <
0.001).

A graphical model test (Figure C1) revealed that seven items of subtest 4 indicated a bad fit, as
their difficulty and its confidence interval were far off the line. As a result, these items were
removed, leading to an item pool size of 28 items for subtest 4. Following the removal of the
problematic items, the difference of ¢ between students above and below the median decreased
and was not significant (y? (55) = 56.02, p = 0.44). The revised subtest 4 therefore now better

fits the Rasch Model, as the difference in o in no longer driven by poorly calibrated items.
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Table C1 shows the o, infit, and outfit MSQ values for the subtests. As previously mentioned,
the optimal values for MSQ infit and outfit statistics range between 0.5 and 1.5. Values up to
2.0 are generally acceptable and do not compromise the measurement system. However, values
exceeding 2.0 can distort or degrade the measurement system, while values below 0.5 are less
productive for measurement but do not cause degradation (Linacre, 2002). In this study, the
infit and outfit MSQ values for the subtests are within the acceptable range. The o values also
fall within the expected range and exhibit a wide range of difficulty, which is important for
adaptive testing. It is worth noting that subtest 3 has the narrowest difficulty range among the
subtests.

The person-item maps depicted in Figure 2 confirm the characteristics observed in the data
analysis. Moreover, these maps reveal a ceiling effect, particularly in subtests 2 and 3, as many
students have correctly completed the most challenging items of these subtests. However, due
to the absence of more difficult items, it's not possible to estimate the ability of these high-

performing students any further, resulting in the ceiling effect.

Although this ceiling effect can be a concern in some contexts, it's not a significant issue for
this screening, as the primary objective is to identify lower-performing students. This ceiling
effect simply indicates that many students in the sample have already mastered the skills being
tested. To perform a more realistic simulation, a new distribution of 6 (n = 1000) is generated
based on the M and SD of the 6 distribution, as shown in Figure 3. This is done to remove the

ceiling effect.

After removing the ceiling effect and generating a new distribution of 0, the results indicate a
significant expansion in the distribution, particularly in subtests 1 and 3. This expansion of 0
suggests that the majority of students in the sample possess a higher level of skill in these areas.
Conversely, subtest 4 had the lowest measured 0, indicating that this subtest assesses more
challenging skills requiring further development. In contrast, subtest 2 had the highest measured

0, implying that the skills assessed in this sub-test are relatively easier for students to master.

Although generating a new distribution of 6 has resulted in broader ranges of measured abilities
for each subtest, it's essential to note that it's no longer feasible to compare the abilities of indi-
vidual students across all four subtests. This is because the new distribution generates a unique

set of O for each subtest, which means that a student's ability in one subtest is no longer directly
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comparable to their ability in another subtest. Therefore, it's not possible to track the develop-

ment of individual students' skills across all four subtests using this new distribution.
Figure 2

Person-item-maps of subtests 1, 2, 3, and 4.
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Note: The histograms represent the distribution of estimated person abilities, and each point corresponds to an

item and its difficulty. The points are ordered in a test run’s item order.

The findings revealed that for subtest 1, the test length could be reduced by about half with
SE(6) = 0.5. Similarly, for subtests 2 and 4, the test length could be reduced by more than half,
and for subtest 3, the test length could be reduced by one third. The accuracy of the test becomes
somewhat less accurate with increasing SE. Despite this, high correlations between r = 0.87 and
r =0.92 with SE(0) = 0.5 were still observed. Over all subCATS, it was found that SE(8) = 0.3
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was not an effective stopping criterion for almost any person. On the other hand, 71% to 94%
of the test runs could be successfully stopped with an SE of 0.5. The remaining test runs were
stopped as soon as all items had been processed. Given that significantly shorter test lengths
are only associated with slight losses in accuracy, SE(0) = 0.5 was selected as the stopping

criterion for further simulations.
Figure 3

Estimated and generated 6 for all subtests.
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Table 3

Results of subCAT simulations comparing three different SE-based stopping rules and the re-
sulting average test length, percentage of test runs terminated with the stopping rule and cor-

relation between true and estimated 6.

SUbCAT stopping rule M length amount satisfied stop 0 cor
1 SE=0.3 35.00 0.00 0.93
SE=04 30.65 0.46 0.93

SE=05 18.26 0.83 0.91

2 SE=0.3 51.38 0.13 0.92
SE=04 38.70 0.53 0.91

SE=05 20.34 0.92 0.87

3 SE=0.3 30.00 0.00 0.89
SE=04 28.91 0.21 0.90

SE=05 20.79 0.71 0.87

4 SE=0.3 28.00 0.00 0.94
SE=04 26.13 0.42 0.94

SE=05 17.48 0.81 0.92
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To evaluate the accuracy of the subCATs, the correlation between the true and estimated 6 was
calculated. SUbCAT 1 (Figure D1) accurately measures -3 < 6 < 2, with higher deviation for
higher 6 due to the ceiling effect. This effect is largely due to the lack of difficult items in the
subtest, resulting in estimated 0 being limited to certain values (~2.5, 3, 4) and fewer values in
between. As a result, the accuracy of the subCAT is weaker for higher 8. SUubCAT 2 (Figure
D2) can accurately measure -2 <6 < 2.5, but higher 6 are again measured with higher deviation.
The ceiling effect is also noticeable here, with estimated 6 largely limited to values ~3 and 4
for 0 higher than 2.5. SubCAT 3 (Figure D3) has the least pronounced ceiling effect and can
accurately detect -4 <0 < 2.5. However, only certain values are measured for high 6, such as

~4 and ~2.5. The lack of suitable items for ¢ ~3 may contribute to the missing estimated 6.

The subCATSs also demonstrate a consistent pattern in terms of the test lengths required to
achieve the desired accuracy levels. In general, the majority of individuals achieve short test
lengths in the subCATSs, particularly those with 6 < 2. For these individuals, the test runs can
be reliably terminated based on the achieved accuracy. However, the test runs of individuals
with higher 6 are less likely to be terminated with the targeted accuracy, and as a result, longer
test lengths are required. In subCAT 1 (Figure D9), for example, 80% of the individuals re-
quired less than 20 items to complete the test. In sSubCAT 2 (Figure D10), 90% of the subjects
achieved test lengths of less than 30 items. Similarly, in sSubCAT 4 (Figure D12), 90% of the
individuals required less than 20 items for a test run. On the other hand, subCAT 3 (Figure D11)
shows a different picture, with test lengths being evenly distributed, and significant test reduc-

tion can be made for fewer individuals here.

Since the subCATSs have issues estimating exact 6, particularly in the extreme areas, ¢ and
estimated 6 for 6 = -1, 6 = -3, and 6 = 3 are simulated as example. The extreme values of -3 and
3 are used to demonstrate the subCATSs’ limits. Figure 11-13 show the results of those simula-
tions for SUbCAT 1 as an example, with the rest of the subCATSs in the appendix (Figure D13-
D19). The analysis revealed that in those extreme areas, the sSubCATSs cannot provide sufficient
easy or difficult items. Thus, the person's ability cannot be estimated accurately enough to ter-
minate the CAT. As the current stopping rule does not apply in these cases, all items are instead

selected. This results in a large number of items, all of which are either too easy or too difficult.

For extreme 0, 6 and o are shown to converge initially. As long as the two values converge,

there are enough easy and hard items, respectively. At one point, however, no easier or harder
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items are available. This point can be seen in Figures 5 and 6 in that the two graphs overlap and
then the values move away from each other again. The estimated 6 and o of the selected items
drift further and further apart. As a result, people receive many items that are too easy or too
hard. Especially for people with low ability, this results in many consecutive wrong answers.

If, on the other hand, items are available with suitable o, both ¢ and 6 quickly settle at the
expected value and the test can be terminated with the desired SE after a few items. This can be
seen in Figure 4 of the simulation for 6 = -1, which shows how the course and ratio of 6 and ¢
should look in the optimum case. 6 and o often overlap and converge closer and closer to the
true 0 as the test continues. This results in a balanced ratio of easy and difficult and thus correct

and incorrect answers.
Figure 4

o of selected items and estimated & while a simulated test run of a person with true 6 = -1.
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Figure 6

o of selected items and estimated & while a simulated test run of a person with true 8 = 3.
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To test how a CAT would perform for a particular group of students, an item pool with uni-
formly distributed o (n = 100) for -3 < ¢ < 3 was generated (see Figure 7). This item pool is
larger and more widely distributed than the subtests of the screening, which enables a more

comprehensive and accurate measurement of students' abilities.

By using this generated item pool as a basis for further CAT simulations for the previous 6
ranges of the subtests, it is possible to shorten the test for each 6 range (as shown in Table 4).
The results of these simulations showed that the average test length for each 6 range was short-
ened by up to six items on average, with an average test length of about 14 to 15 items. 100%
of the simulations can be stopped with a sufficient accuracy of SE(0) = 0.5, which allows up to
30% more simulations to be stopped due to this criterion. By being able to stop all simulations
based on the accuracy of the measurement, it should also no longer happen that the entire item
pool is pulled instead, even if it only contains items that are too hard or too easy. This also
increases the accuracy of the measurement, which can be seen in the correlation between the

actual and estimated 0 values.

With the introduction of a new item pool with a broader and better balanced distribution, the
CAT can now successfully terminate in both low and high performance ranges due to its in-
creased accuracy. This means that students who perform particularly well or particularly poorly

can now be accurately assessed with the new item pool.

Furthermore, when looking at the simulated courses of an individual student (Figure 8), it was
observed that the CAT was able to terminate after just a few items. This demonstrates the effi-

ciency of the new item pool, as the entire item pool was not drawn upon in certain situations,

56



Results

despite the fact that the remaining items were either too easy or too difficult for the student

being assessed.

Figure 7

o of generated uniform item pool.
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Table 4

Results of subCAT simulations comparing true and generated item pools.

100

0 of subtest item pool stopping rule M length amount satisfied stop 0 cor

1 True SE=05 18.26 0.83 0.91
Generated SE=05 14.41 1.00 0.91

2 True SE=05 20.34 0.92 0.87
Generated SE=05 14.92 1.00 0.89

3 True SE=05 20.79 0.71 0.87
Generated SE=05 14.99 1.00 0.90

4 True SE=05 17.48 0.42 0.92
Generated SE=05 14.10 1.00 0.93

Figure 8
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4.1.2 Discussion and Limitations

In the study, adaptive testing of a group of primary students with heterogeneous reading abili-
ties, including those with and without SEN, was simulated using different item pools and stop-
ping rules. For this purpose, four item pools from a reading screening for inclusive classes were

utilized, and a fifth item pool was generated uniformly.

Heterogeneous Reading Abilities of the Sample

The results of the reading screening subtests show high heterogeneity in the students' responses,
with an overall high heterogeneity of total scores across all subtests. This suggests that the
sample of students with and without SEN from different grades is heterogeneous in their read-
ing abilities, making it suitable to represent a sample in inclusive education. While some stu-
dents solved many items correctly, there are also students in the low-performance range who
solve only very few items correctly. Additionally, some students complete only a few items in
general, which may be due to factors such as slower work pace, lack of concentration, or lack
of motivation among students with SEN (Bender & Smith, 1990; Cullinan et al., 1981; Silver,
1981; Toro et al., 1990). It is important to note that these lower results suggest that the prereg-
uisites among students with SEN could be playing a role here. Thus, it would be worth exam-
ining in a follow-up study, particularly in terms of SEN status and class comparisons, to under-
stand the underlying factors contributing to this heterogeneity in the sample.

Subtests 1-3 show higher sum scores due to the earlier development of necessary reading skills,
while weaker scores in subtest 4 indicate a need for further acquisition of sentence comprehen-
sion skills. The median sum scores of subtests 1, 2, and 3 are higher compared to subtest 4.
Similarly, the percentage of correctly solved tasks is also higher in subtests 1-3 than in subtest
4. This can be attributed to the fact that subtests 1 to 3 measure skills that should already be
present in the corresponding grades. Phonological awareness (Wagner & Torgesen, 1987),
word knowledge (Rothlisberger et al., 2021), and reading speed (Ennemoser et al., 2013) are
necessary conditions for successful fluent reading of sentences and texts. These skills are de-
veloped earlier in the reading process and are therefore addressed earlier in early childhood and
school literacy education. In contrast, sentence reading is learned later and builds, among other
things, on the successful acquisition of earlier skills (Coltheart et al., 2001). The lower sum
scores in subtest 4 can be explained by the fact that students have not yet successfully acquired

sentence comprehension skills in their reading process and need to further develop this ability.
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These results were expected in the selected sample with a focus on the second to fourth grade

levels.

A limiting factor is that the subtests used have not yet been validated. Although the subtests
measure task types that are commonly used in reading instruction in schools, their ability to
measure the constructs mentioned cannot be confirmed without systematic validation. How-
ever, since this study only uses the ¢ values as realistic sample data without further including
the students' reading skills or the content of the items in the study and analyses, this aspect is
not mainly relevant for the results of the simulation studies. It can be expected that item pools

with comparable difficulty and validated items would show similar results in a simulation study.

The Impact of Item Pool Size and Difficulty Range on CAT

During the various simulations conducted, it became apparent that the size of the item pool and
the range of item parameters, in particular, have an impact on the accuracy and length of the
CAT. These results are in line with the assumptions and findings of Reckase (2003), Segall et
al. (2000), and Ebenbeck and Gebhardt (submitted).

The range of ¢ and the size of the item pool are crucial factors for the accuracy and length of
the measurement. This is evident from the fact that the uniformly distributed item pool performs
better in CAT simulations than the four actual screening item pools. These results align with
the assumptions made by Chen et al. (2000), which suggest that examinees with extreme 0
ranges require a sufficient number of items from a uniformly distributed item pool. Simulations
based on the generated item pool are more accurate and shorter for three out of four 6 ranges
(subtests 2, 3, and 4) when compared to simulations based on the real item pools. This is likely
due to the wider range of ¢ values present in the generated item pool, which offers a greater
coverage of difficulty levels. On the other hand, the real subtests have a relatively narrow o
range and contain only a few items overall, which is not ideal for CAT. Subtest 3, with the

narrowest range of 6, shows the weakest results, although still achieving an accuracy of r = .87.

The effectiveness of a CAT stop rule based on accuracy is dependent on the size and range of
the item pool. A stopping rule of SE(0) = 0.5 was chosen for the test, with the aim of achieving
a short and accurate measurement with high efficiency. By using SE(0) = 0.5, the test is shorter,
with only a minimal impact on accuracy. The loss of accuracy in correlation ranged from 0.02
to 0.05. This decrease in accuracy is less than what was observed in the results of Michiel et al.
(2008) and is consistent with the accuracy ratio reported by Ebenbeck & Gebhardt (2022).
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It should be noted that not every student can be tested when using the screening subtests' item
pools due to the stopping rule. If the easiest item in the CAT cannot be solved correctly, it does
not necessarily mean that 6 can be estimated with the desired accuracy, such as SE(6) = 0.5.
Consequently, the CAT cannot be stopped, and all remaining items are drawn from the item
pool. However, with the generated item pool, the stopping rule can be applied to every student.
Therefore, it can be concluded that the effectiveness of the stopping rule also depends on the

size and o range of the item pool.

For small item pools such as the real subtests, the stopping rule is appropriate for most students.
However, it can pose a problem for learning groups in inclusive settings when, after a certain
value where no easier items are available, the rest of the item pool is drawn, even though it only
contains more difficult items. In such a scenario, the test would become equivalent to a regular
non-adaptive test, and the difficulty level would be arranged in ascending order, leading to
incorrect responses from students, which is not ideal for motivation. To address this issue, other
solutions need to be explored, such as expanding the item pool to include more items of differ-
ent difficulties or adding an additional stopping rule that stops testing when no easier items are

available or after making, for example, three incorrect responses following the easiest item.
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4.2 Study 2: Comparing Test Length and Measurement Accuracy
pf Standalone and Sequentially Linked Adaptive Tests for In-
clusive School Use — A Simulation Study

4.2.1 Results

The sum scores of the subtests correlate with each other with .34 <r < .55 (p < 0.001) (Table
5). The lowest correlation is between subtest 1 and 3. The highest correlation is between subtest
2 and 4. Thus, there is some correlation between the subtests. In particular, the successive sub-
tests correlate with each other: subtest 1 is performed first. The correlation with the following
subtest 2 is r = .44 (p < 0.001). The results of this subtest correlate with the following subtest 3
to r = .45 (p < 0.001). Subtest 3 is followed by subtest 4. The sum scores of these subtests
correlate to r = .54 (p < 0.001).

Table 5

Means, standard deviations, and correlations with confidence intervals for the sum scores of
the screening subtests.

Variable M SD 1 2 3
1.Sum_1 26.03 8.14
2.Sum_2 41.92 10.01 A4**
[.35, .53]
3.Sum_3 26.19 474 .34** A5**
[.24, .44] [.36, .53]
4,Sum 4 14.96 7.22 A0** 55** 54**
[.30, .49] [.47,.62] [.46, .61]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate
the 95% confidence interval for each correlation. The confidence interval is a plausible range of population corre-
lations that could have caused the sample correlation (Cumming, 2014). * indicates p <.05. ** indicates p <.01.

In simulation 1, a simulation of screening was conducted where each subCAT was executed
sequentially by individuals with real 0, as presented in Table 5. The subCATSs were initialized
with an item of moderate o, as in study 1. The average length of the subCATSs ranged from
17.31 to 21.84 items, leading to an average screening length of 78.28 items. The precision cri-
terion resulted in the termination of SUbCATS in 64% to 91% of cases, achieving an accuracy
of r=.88tor=.92.
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Table 6

Results of screening CAT simulations with real and generated item pools and real and gener-
ated person abilities comparing different starting rules.

simulation item pool 0 starting rule M length % satisfied stop 0 cor
1 Subtest 1 Subtest 1 fixed item 17.92 0.86 0.90
Subtest 2 Subtest 2 fixed item 21.21 0.91 0.88

Subtest 3 Subtest 3 fixed item 21.84 0.64 0.88

Subtest 4 Subtest 4 fixed item 17.31 0.83 0.92

2 Subtest 1 Subtest 1 fixed item 17.92 0.86 0.90
Subtest 2 Subtest 2 Final 6 of sSubCAT 1 27.43 0.90 0.88

Subtest 3 Subtest 3 Final 6 of SUbCAT 2 23.19 0.71 0.89

Subtest 4 Subtest 4 Final 6 of sSubCAT 3 18.98 0.84 0.93

3 Subtest 1 Fixed fixed item 13.49 1.00 0.87
Subtest 2 Fixed fixed item 13.46 1.00 0.87

Subtest 3 Fixed fixed item 13.95 1.00 0.87

Subtest 4 Fixed fixed item 14.19 0.99 0.86

4 Subtest 1 Fixed fixed item 13.49 1.00 0.87
Subtest 2 Fixed Final 6 of sSubCAT 1 13.52 1.00 0.86

Subtest 3 Fixed Final 6 of SUbCAT 2 14.15 1.00 0.87

Subtest 4 Fixed Final 6 of sSubCAT 3 14.39 0.99 0.85

5 Generated  Subtest 1 fixed item 14.37 1.00 0.91
Generated  Subtest 2 fixed item 14.96 1.00 0.87
Generated  Subtest 3 fixed item 14.97 1.00 0.91
Generated  Subtest 4 fixed item 14.01 1.00 0.93

6 Generated  Subtest 1 fixed item 14.37 1.00 0.91
Generated  Subtest 2 Final 6 of sSubCAT 1 14.70 1.00 0.88
Generated  Subtest 3 Final 6 of SUbCAT 2 14.96 1.00 0.91
Generated  Subtest 4 Final 6 of SubCAT 3 14.09 1.00 0.94

In simulation 2, the subCATSs were linked together by using the final estimated 6 from the pre-
vious test as the starting value for the following subCAT, as shown in Table 6. This start rule
did not shorten the test but rather increased the test length by approximately 1.5 to 6 items,
leading to an average screening length of 87.52 items. However, the change in the start rule had
minimal to no impact on the proportion of test runs that could be discontinued due to their

accuracy and had little to no effect on the accuracy of the measurement.

Looking at an individual run of a real person with the 6 values 6 = -1.82 for subtest 1, true 6 =
-0.27 for subtest 2, true 6 = -0.03 for subtest 3, and true 6 = -2.50 for subtest 4 (Figure 9 and

Figure 10), similar results can be observed. The total test length is even longer when the
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SubCATSs are linked. Although the starting item may be different from the unlinked screening

version, this starting item has little influence on the further course of the test.
Figure 9

o of selected items and estimated & while a simulated test run with fixed first item of a person
with true 9 = -1.82 for subtest 1, true § = -0.27 for subtest 2, true 8 = -0.03 for subtest 3 and
true @ = -2.50 for subtest 4.
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Figure 10

o of selected items and estimated 6 while a simulated test run with & input of the previous esti-
mated & of a person with true § = -1.82 for subtest 1, true 6 = -0.27 for subtest 2, true § = -0.03
for subtest 3 and true 8 = -2.50 for subtest 4.
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In simulation 3, individuals were simulated in separate but unconnected subCATS, each demon-
strating the same ability level in each subtest, as detailed in Table 6. Due to the normally dis-
tributed 0, the average test length of the subCATSs ranged from 13.46 to 14.19 items, resulting
in an average screening length of 55.09 items. Almost all test runs could be discontinued due

to their accuracy, with test runs measuring with an accuracy of r = .85 to r = .87.
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In simulation 4, individuals were simulated in a connected screening CAT, each demonstrating
the same ability level in each subtest, as presented in Table 6. The simulations showed almost
no differences from simulation 3. The average test length of the subCATSs ranged from 13.49
to 14.39, leading to an average screening length of 55.55 items. Almost all test runs could be
discontinued due to their accuracy, achieving an accuracy of .85 to .87. An example of a person

with 6 = -1 in all subtests is shown in Figure 11.
Figure 11

o of selected items and estimated 6 while a simulated test run with @ input of the previous esti-
mated ¢ of a person with true § = -1 for all subtests.
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Simulation 5 involved simulating separate SubCATSs with generated o and true 6 from the sam-
ple, as detailed in Table 6. The average test length for the subCATSs ranged between 14.09 and
14.96 items, corresponding to an average screening length of 58.31 items. All test runs could
be terminated due to their accuracy, with the subCATSs achieving an accuracy between r = .87
and r =.93.

In the last simulation, simulation 6, generated ¢ and true 6 were used for a connected CAT, as
presented in Table 6. The average test length for the subCATS ranged between 14.09 and 14.96,
corresponding to an average screening length of 61.12 items. All test runs could be terminated

due to their accuracy, with the subCATSs achieving an accuracy between r = .87 and r = .93.

Overall, the findings of the simulations indicate that the new stopping rule and connecting the
subCATSs have no effect on the length or accuracy of the CAT. These results hold true for both
true and generated person parameters, which are either homogeneous or heterogeneous. Fur-
thermore, these results hold true for the real items of the screening as well as an artificially

generated item pool with more and broadly distributed items.
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4.2.2 Discussion and Limitations

In this study, the aim was to investigate whether the computerized adaptive version of a modular
test could result in a more accurate and shorter measurement by adjusting the start rule for
sequentially administered subtests. To achieve this goal, a modular screening was simulated in
six rounds, with each round using either the real item pools of a screening, a uniformly gener-

ated item pool, real 6, or uniformly generated 0 as simulation input.

Potential of Test Length Shortage and Measurement Accuracy

In no simulation did connecting the subCATSs have a significant effect on the length of the
resulting screenings. When using the real item pool, the test length of a connected screening is
on average even longer than when simulating four individual tests. There is hardly any change
when using the uniformly generated item pool. Thus, although the size and distribution of
have a positive effect on connecting subtests, it cannot contribute to a shorter test length overall.
In particular, students with low abilities are likely to experience the same pattern of errors ob-
served in study 2: if the ability cannot be estimated accurately enough when the easiest item is
answered incorrectly, the remaining items that are too difficult are drawn from the item pool
instead, lengthening the test duration. The modified starting rule probably has little to no influ-

ence on this issue.

This contradicts the assumptions of Weiss & Kingsbury (1984), who suggested that incorporat-
ing prior information about the examinee could lead to shorter tests. In this case, the reason for
the lack of test length reduction cannot be attributed to a low correlation between the subtests,
as one might suspect. Although the final estimated 6 values between the subtests are only cor-
related with each other up to a maximum of .55. However, even for simulated individuals with
perfectly correlated 6 values, there is no shortening of the test length. Instead, it is likely that
the starting item has significantly less influence on the test process compared to the subsequent
algorithm. Another possibility is that the Bayesian estimator, used to incorporate the person's
ability at the beginning of the measurement, may not be as effective in selecting an item as

setting a fixed first item.

Also, there are hardly any changes in the accuracy of the CAT whether the subCATS are con-
nected or not, regardless of the item pool used or the simulated 0. It should be noted that a low
correlation between the subtests cannot be the reason for this, as otherwise differences in accu-
racy for the uniform 6 would have been observable. Similarly, a too small or too narrow item

pool cannot be responsible for this, as changes should have been observable for the uniform
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item pool. Instead, it can be concluded that the remaining CAT algorithm for drawing the next
item compensates for any possible bias introduced by a fixed start item, in such a way that the
changed start rule does not matter. This is further supported by the fact that there are hardly any
differences in the proportions of successfully stopped test runs, regardless of the start rule. This
should not be seen as a negative implication for connecting CATS, but rather for the quality of

the algorithm as a whole.

Practicability of Implementation

The use of a starting rule that connects the subCATSs with each other is unlikely to harm the
measurement, as it could potentially shorten the test for some students if the correlation between
the subtests is high (Weiss & Kingsbury, 1984). However, the increased programming and
computational effort required for such an implementation, as well as the reduced flexibility in
everyday school life and classroom use, suggest that a cost-benefit analysis is necessary. It is
important to note that individual short tests can be used more effectively, given their shorter
execution time and the ability for teachers to select specific skills to measure or not measure
for some students in order to better meet the needs of a group in inclusive education. Therefore,

the use of a starting rule that connects subCATSs with each other is not recommended.

Instead, it is important to check whether the selected starting items, with medium difficulty, are
suitable for students with low abilities or students with SEN. Alternatively, starting with an
easy item instead of a medium-difficulty item could be considered. This approach would pre-
vent overwhelming students with low abilities from the start and could possibly reduce their
proportion of errors. However, for this to be effective, the item pool must have sufficient easy
items, or else the desired accuracy level cannot be achieved with a few items, and remaining
difficult items would have to be chosen at some point. This situation should be avoided at all
costs. Additionally, when selecting an easier starting item, it is necessary to consider whether
it would negatively impact students with high abilities. It is likely that these students would
require more items after the first one to reach their performance range, resulting in longer test

runs. Such issues should be explored in a follow-up study, as addressed in study 3.
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4.3 Study 3: A Simulation-Based Comparison of the Effectiveness
of Adaptive Tests for Students With and Without Special Edu-
cational Needs

4.3.1 Results

The school attendance year, grade level, and age of the students in the sample are highly corre-
lated. The correlation between grade level and age is the lowest (r = .89, p <.001), while the
correlation between school attendance year and age is the highest (r =.91, p <.001). Since there
are no missing values for the grade level variable, a statement can be made for each student,
and therefore, this variable is used for further analysis. The sample is divided into four groups
based on their grade level: grade level 2 (n = 123), grade level 3 (n = 141), grade level 4 (n =
106), and secondary level (n = 30).

There are significant differences in the sum scores of all subtests across different grade levels
(subtest 1: F(3) = 4.05, p < .01; subtest 2: F(3) = 19.08, p < .001; subtest 3: F(3) =8.72, p <
.001; subtest 4: F(3) = 26.75, p < .001). Students in grade 3 on average correctly solve signifi-
cantly more items than students in grade 2 in subtests 2 and 4 (subtest 2: t(246.21) =-4.51, p <
.001; subtest 4: t(239.35) =-6.71, p <.001). There is no significant difference in the sum scores
of all subtests between grade 3 and grade 4 students. Similarly, there is no significant difference
in the sum scores of all subtests between grade 2 students and secondary level students. Students
in grade 3 and grade 4 on average correctly solve significantly more items than secondary stu-
dents in subtest 2 (Grade 3: t(33.84) = 3.97, p < .001; Grade 4: t(35.00) = 4.38, p < .001). In
addition, students in grade 4 correctly solve more items than secondary students in subtest 4
(t(48.36) = 3.67, p < .001).

Between students with SEN and students without SEN, there are significant average differences
in the sum scores for all subtests (subtest 1: t(123.59) = 4.70, p < .001; subtest 2: t(105.06) =
5.57, p < .001; subtest 3: t(101.58) = 5.24, p < .001); subtest 4: t(132.02) = 4.71, p < .001).
When comparing the sum scores of students with SEN-L to students with SEN-1 and SEN-S
with a t-test, there is no significant difference between those three groups. As a result, these

groups are combined into a single group of students with SEN in the following simulations.

Students with SEN completed fewer items in total in subtests 1, 2, and 4 in the same amount of
time as students without SEN (subtest 1: F(3) = 11.90, p < .001; subtest 2: F(3) = 23.77, p <
.001; subtest 4: F(3) = 5.188, p < .01). Since subtest 3 had no maximum completion time, all

students completed the same number of items. However, post-hoc analyses with direct
67



Results

comparisons of student groups showed that only students with SEN-1 were able to complete
significantly fewer total items than students with SEN-L, SEN-S, or without SEN in subtests 1
and 2, and there was no significant difference in the total number of completed items otherwise.

Students without SEN complete significantly more tasks correctly on average than students
with SEN, which also makes their 6 estimated in the Rasch model differ from each other to the
same extent. These 0 ranges are again used to generate 6 ranges per subtest for students with
and without special needs (Figure 12).

Figure 12
Generated 6 of students with (right) and without (left) SEN.
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Subtest Subtest

In the simulation of the linear screening (Table E1, simulations 1 and 2), accuracy in subtests
for students with SEN ranges from r = .94 (subtest 1, 2, and 3) to r = .95 (subtest 4) and for
students without SEN ranges from r = .85 (subtest 3) to r = .92 (subtest 4). Because a response
pattern for the full item pool was simulated for all students, the mean test lengths did not differ;

rather, each student completed the entire item pool.

In the simulation of an adaptive screening with a medium start item (Table E1, simulations 3
and 4), the accuracy for students with SEN in the subtests ranges from r = .90 (subtest 2) to r =
.92 (subtest 3) and for students without SEN ranges from r = .84 (subtest 3) to r = .91 (subtest
4). The mean test length of the subtests ranged from 15.68 items (subtest 4) to 18.64 items
(subtest 3) for students with SEN and from 17.86 items (subtest 4) to 22.05 items (subtest 3)
for students without SEN. Thus, students with SEN would on average complete more items per
test session. The percentage of test runs that were discontinued due to the target accuracy of
SE(0) = 0.5 ranged from 80% (subtest 3) to 95% (subtest 2) for students with SEN and from
65% (subtest 3) to 92% (subtest 2) for students without SEN. Accordingly, the test runs of

students with SEN can be terminated more frequently due to their accuracy.
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When the adaptive screening is started with an easier starting item (Table E1, simulations 5 and
6), the accuracy values change only slightly. Subtest accuracy ranges from r = .90 (subtest 1
and 2) for students with SEN and from r = .83 (subtest 3) to r = .90 (subtest 4) for students
without SEN. The mean test length of the subtests nearly did not change through the easier
starting item. It ranged from 15.64 items (subtest 4) to 18.86 items (subtest 3) for students with
SEN and from 17.88 items (subtest 4) to 22.87 items (subtest 2) for students without SEN.
Therefore, even with an easier starting item, students with SEN would still, on average, com-
plete more items per test session. The percentages of test runs that were discontinued due to the
target accuracy SE(0) = 0.5 were slightly higher with an easier starting item. They ranged from
79% (subtest 3) to 96% (subtest 2) for students with SEN and from 66% (subtest 3) to 93%
(subtest 2) for students without SEN. Accordingly, also with an easier starting item, the test
runs of students with SEN can be terminated more frequently due to their accuracy.

In the simulation of a linear screening with generated uniform item pool (Table E1, simulations
7 and 8), accuracy in subtests for students with SEN ranges from r = .97 (subtest 2 and 3) to r
= .98 (subtest 1 and 4) and for students without SEN ranges from r = .94 (subtest 3) to r = .97
(subtest 1 and 4). Because a response pattern for the full item pool was also in this case simu-
lated for all students, the mean test lengths did not differ; rather, each student completed the

entire item pool.

In the simulation of an adaptive screening with generated uniform item pool and a medium start
item (Table E1, simulations 9 and 10), the accuracy for students with SEN in the subtests ranges
from r = .90 (subtest 2) to r = .93 (subtest 3) and for students without SEN ranges from r = .87
(subtest 2 and 3) to r = .92 (subtest 4). The mean test length of the subtests ranged from 13.74
items (subtest 4) to 15.13 items (subtest 3) for students with SEN and from 14.26 items (subtest
1) to 16.05 items (subtest 3) for students without SEN. Thus, students with SEN would on
average complete more items per test session. The percentage of test runs that were discontin-
ued due to the target accuracy of SE(0) = 0.5 ranged from 90% (subtest 2) to 93% (subtest 3)
for students with SEN and from 87% (subtest 2 and 3) to 92% (subtest 4) for students without
SEN. Accordingly, the test runs of students with SEN can be terminated more frequently due

to their accuracy.

When an adaptive screening is started with a generated uniform item pool and an easier starting
item (Table E1, simulations 11 and 12), the accuracy values again change only slightly. Subtest

accuracy ranges from r = .91 (subtest 1 and 2) to r = .93 (subtest 3 and 4) for students with SEN
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and from r = .86 (subtest 2 and 3) to r = .92 (subtest 4) for students without SEN. The mean
test length of the subtests nearly did change through the easier starting item. It ranged from
13.59 items (subtest 4) to 14.24 items (subtest 3) for students with SEN and from 14.11 items
(subtest 1) to 14.80 items (subtest 3) for students without SEN. So also with an easier starting
item, students with SEN would on average complete more items per test session. All test runs

were terminated because of their accuracy.

Table 7

Number and percentage of correct and wrong answers per subtest for different simulations of
true and generated screening item pools.

simulation 0 ncorrect M(SD)  nwrong M(SD) % correct M(SD) % wrong M(SD)
1 Subtest 1 SEN 24.52 (7.27) 10.48 (7.27) 70.05 (20.77) 29.95 (20.77)
Subtest 2 SEN 40.39 (9.79) 11.61 (9.79) 77.68 (18.82) 22.32 (18.82)
Subtest 3 SEN 21.82 (7.37) 8.18 (7.37) 72.73 (24.58) 27.27 (24.58)
Subtest 4 SEN 15.82 (7.51) 12.18 (7.51) 56.50 (26.82) 43.50 (26.82)
5 Subtest 1 SEN 11.04 (7.24) 4.74 (2.21) 65.75 (17.30) 34.25 (17.30)
Subtest 2 SEN 13.95 (9.94) 3.93(2.10) 72.59 (17.18) 27.41 (17.18)
Subtest 3 SEN 14.65 (9.33) 4.15 (3.05) 71.35 (22.22) 28.65 (22.22)
Subtest 4 SEN 9.16 (6.49) 6.54 (4.65) 55.98 (23.64) 44.02 (23.64)
7 Subtest 1 SEN 65.75 (18.27) 34.25 (18.27) 65.75 (18.27) 34.25 (18.27)
Subtest 2 SEN 72.70 (17.20) 27.30 (17.20) 72.70 (17.20) 27.30 (17.20)
Subtest 3 SEN 68.80 (21.53) 31.20 (21.53) 68.80 (21.53) 31.20 (21.53)
Subtest 4 SEN 53.89 (21.12) 46.11 (21.12) 53.89 (21.12) 46.11 (21.12)
11 Subtest 1 SEN 8.40 (2.67) 5.26 (2.04) 60.90 (15.31) 39.10 (15.31)
Subtest 2 SEN 9.24 (3.05) 4.70 (2.08) 65.37 (15.52) 34.63 (15.52)
Subtest 3 SEN 9.42 (3.98) 4.85 (2.49) 64.40 (18.58) 35.60 (18.58)
Subtest 4 SEN 7.41 (2.86) 6.18 (2.35) 53.97 (17.05) 46.03 (17.05)

Comparing the real screening in a linear and an adaptive simulation, differences in the response
behavior of students with SEN (Table 7) are evident. In the linear screening (simulation 1),
more items are answered correctly and incorrectly because the length of the test is predeter-
mined. The percentage of correctly solved items for this group of students ranges on average
from 56.5% (subtest 4) to 77.68% (subtest 2). In the adaptive screening (simulation 5), the
students complete fewer items overall. As a result, they also complete fewer items correctly and
incorrectly. The proportion of correctly solved items is somewhat lower in comparison due to
the use of the adaptive algorithm and lies on average between 55.98% (subtest 4) and 72.59%
(subtest 2).
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Similar results are shown for the generated item pools (Table 7). In the linear screening (simu-
lation 7), much more items are answered correctly and incorrectly because the length of the test
is predetermined, and the item pool was extended to 100 items. The percentage of correctly
solved items for this group of students ranges on average from 53.89% (subtest 4) to 72.70%
(subtest 2). In the adaptive screening (simulation 11), the students complete fewer items overall.
As a result, they also complete fewer items correctly and incorrectly. The proportion of cor-
rectly solved items is somewhat lower in comparison due to the use of the adaptive algorithm
and lies on average between 53.97% (subtest 4) and 64.40% (subtest 2).

4.3.2 Discussion and Limitations

In this study, various CATs were simulated for students with and without SEN in order to eval-
uate the performance of the CATSs for these student groups. Based on this, the study investigated
how students with SEN would perform in different CATs and how their response pattern would
be. The CATs differed in the difficulty of their first item and the difficulty range and size of the

item pool.

Start Item Choice

Using a simpler item with ¢ = -1 as the first item does not disadvantage any group of students.
There are almost no performance differences or differences in the results of the CAT for stu-
dents without SEN when using a simpler start item. However, for students with SEN, the use
of an easier start item affects the length and accuracy of the measurement. When an easier start
item is used, the measurement is slightly shorter, and more test runs can be terminated due to

the accuracy.

From a practical point of view, using an easier start item facilitates entry into the measurement
and allows more students to answer it correctly. This is likely to increase test motivation from
the beginning. Therefore, it is recommended to use an easier start item for the development of
adaptive reading screening and CATSs for educational purposes in general. This approach not
only ensures that no group of students is disadvantaged, but it also makes the test more acces-
sible for students with SEN, leading to more accurate results and presumably increased moti-

vation, what needs to be addressed in following research.

Differences between Students with SEN
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In this study, it was found that students with SEN-I do not exhibit significantly lower reading
skills compared to students with SEN-S or SEN-L. This finding contradicts previous research,
which has suggested that students with lower intelligence tend to have lower reading perfor-
mance than those with higher intelligence (Cohen et al., 2001; Di Blasi et al., 2019; Gresham
etal., 1996; Levy, 2011). Given that students with SEN-I typically have a lower 1Q than those

with SEN-L, it was expected to observe differences in their reading profiles.

One possible explanation for this finding could be related to the sample selection process. Spe-
cifically, the sample of students with SEN-I in this study only included students with mild or
moderate intellectual disabilities. This may have occurred because teachers were instructed to
select students with basic reading abilities for the assessment, which are typically mastered by
students with an 1Q > 65 (Cohen et al., 2001). However, this approach may have excluded poor
readers or those who are still in the process of learning to read from the sample. In contrast, the
sample of students with SEN-L and SEN-S included those who were educated in inclusive
schools. It can be assumed that this selection of students may have better literacy skills com-
pared to those with SEN-L and SEN-S who are exclusively educated in special schools.

Another potential explanation for the findings could be related to the identification and labeling
of students with SEN. This process is often not well-defined and can lead to overlapping cate-
gories. For instance, the boundaries between SEN-1, SEN-L, and SEN-S may not be clear, and
classifying students solely based on their SEN status may not accurately reflect their individual
strengths and weaknesses (Snell et al., 2009; Gresham et al., 1996). Moreover, the severity of
disabilities among students in each group may have varied, and these differences could have
offset each other in terms of their reading abilities. Therefore, in a follow-up analysis, it would
be beneficial to examine more closely the varying degrees of disability severity among the stu-
dents and their impact on reading skills. This could help to better understand and highlight the
differences between these groups of individuals.

The aim of this study was not to provide a detailed description of the reading abilities of students
with and without SEN, but rather to generate significantly different groups of students with and
without SEN that can be used as input for simulation studies. In the research context, it is com-
mon to analyze and consider students with different types of SEN together (Arvidsson &
Granlund, 2018; Bouck & Satsangi, 2015; Cohen et al., 2001; Nouwens et al., 2017), which is
in line with the goal of this study.
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Differences in the CAT Measurement of Students with and without SEN

The CAT algorithm requires fewer test items to assess the abilities of students with SEN com-
pared to students without SEN, as shown consistently across all simulations using different item
pools. However, when it comes to the reading screening CAT, the difference between students
with and without SEN is somewhat larger. This is likely due to the adaptive algorithm being
more sensitive to the 0 ranges of students with SEN, allowing for a more accurate identification

of their 0 level and selection of appropriate test items.

It is reasonable that students with SEN would work on fewer items in a CAT than students
without SEN. Research and results of this study show that students with SEN work more slowly
than those without SEN (Ebenbeck et al., 2023; Kaznowski, 2004), leading to concentration
and frustration problems and working on fewer items in the same time (Bender & Smith, 1990;
Cullinan et al., 1981; Silver, 1981; Toro et al., 1990). A shorter test with fewer items, in which
they also make fewer errors, can thus be seen as an adjustment to ensure fairness in the testing
situation. Students without SEN may receive more items suggested by the CAT, but they also
solve them more quickly. It is therefore possible that, overall, both groups of students take a
similar amount of time to complete the same test. This is optimal for integrating such testing
procedures into everyday school life, as a similar time frame can be assumed for testing in the

classroom.

The CATs measure slightly less accurately than the non-adaptive tests. However, both the
CATs and non-adaptive tests measure students with SEN more accurately. Despite the less ac-
curate measurement with shorter testing in the CATSs, students with SEN can still be measured
with r > 0.90. Therefore, a very accurate measurement for students with SEN can be assumed
despite the test being shortened. The fact that students with SEN can be measured more accu-
rately than students without SEN is probably due to the composition of the item pool, which is
more low-ability-oriented. This is also reflected in the smaller differences in accuracy between
students with and without SEN in the generated item pool. Therefore, it can be concluded that
expanding the item pool to include more items with a wider ¢ range would benefit both groups
of students. Additionally, it is important to note that the purpose of the adaptive reading screen-
ing is not to compare students to one another, but rather to identify areas where they may need
additional support. It is therefore more important for such tests to measure more accurately in
lower performance areas, which is why this CAT performance is considered positive for both
students with and without SEN.
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In the three studies presented, an adaptive reading screening was developed through simulation
studies that built upon each other. The aim of the research project was to develop adaptive
algorithms that could be applied to an existing reading screening. Furthermore, the studies
sought to identify general conditions for adaptive screenings that could be applied in heteroge-
neous learning groups. The selected algorithms were tested for comparison on both real and
generated data and were compared for different groups of students with and without SEN. The
results and limitations of each study have already been discussed briefly. This chapter will pro-
vide a detailed discussion and examination of the entire research process. Additionally, the lim-
itations of the research process will be identified, and suggestions for future research needs will

be provided.

5.1 Development of an Adaptive Screening
5.1.1 Item Pool

An algorithm based adaptive test requires a suitable item pool based on the IRT, as noted by
Bock and Gibbons (2021, p. 245). The performance of a CAT is impacted by the size of the
item pool (Reckase, 2003). Therefore, various item pool sizes were compared to develop a CAT
for students with SEN. The reading screening used in this study consists of four subtests, each
with a different item pool size. Additionally, an item pool with 100 items and a uniform ¢

distribution was generated. All item pools were based on a unidimensional Rasch model.

The size and o distribution of the item pool have an impact on several aspects of the adaptive
test. Across all studies, it was found that a larger item pool with an evenly distributed o results
in a shorter test length for the same individuals and potentially increases the accuracy of the
measurement. The shorter and more accurate measurement is due to the availability of more
items in extreme difficulty areas, which better covers the examinees' 6 through the distribution

of the item pool.

In addition, a larger item pool provides sufficient items of suitable difficulty to draw several
items of similar difficulty to an examinee during adaptive testing. This drawing is based on the
examinee's response to previous items, and it helps to efficiently estimate their ability level. A

larger and more evenly distributed item pool also increases the probability of an examinee
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receiving an item that can provide a significant amount of information about their ability. These
results aligns with the works of Segall (2005) and Chen et al. (2000), which highlight the im-
portance of having a large and diverse item pool in adaptive testing. A comprehensive item pool
can ensure that the adaptive test accurately measures an individual's ability and provides a more

precise estimation of their performance level.

However, having a large item pool alone is not sufficient for accurate adaptive testing. The o
distribution must also be taken into account to ensure that there are enough items at each diffi-
culty level. If there are not enough items at a certain difficulty level, even the easiest or hardest
item may not be sufficient to estimate the 0 of the examinee with the desired accuracy. In this
scenario, depending on the stop rule, all further items may be drawn from the item pool until
no more items are available for testing. As shown in studies 1 and 2, these items do not add
much value to the estimation of the examinee's 6 and only prolong the measurement. Therefore,
this case should be avoided as much as possible. To ensure an accurate estimation of an exam-
inee's ability level, it is essential to have a balanced item pool with a diverse range of difficulty
levels. This can be achieved through careful item selection and calibration during the test de-
velopment process. Additionally, the o distribution should be checked to identify potential gaps
in the item pool that could impact the accuracy of the adaptive test. By addressing these issues,
the adaptive test can provide a more precise measurement of an individual's ability and improve
the overall effectiveness of the screening process.

A large item pool with a wide range of item difficulties also benefits students in inclusive class-
rooms. Class-based tests are conducted together in the classroom, rather than individually with
each student. Such tests should therefore ideally be suitable for all students in a class. In the
context of adaptive testing, this means that the item pool should ideally contain enough items
for each performance level. This allows all students in a class, regardless of their abilities, to be
measured accurately and effectively. In the context of DBDM, it is particularly important that
there are enough easy items in the item pool. To provide data-based resources and appropriate
instructions, weak students who need these resources must be identified early and accurately.
Assessments that aim to achieve this must therefore be particularly sensitive in the low-perfor-
mance range. An item pool that contains enough easy items is helpful here and expands the
measuring instrument to lower performance levels without having to resort to test modifica-

tions.
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In the case of the reading screening example, item pools consisting of 30 to 52 items were used,
which may be considered small compared to the recommendations of Stocking (1994) and Way
(2005). However, it is important to note that this screening CAT was designed for a one-time
use, rather than as a formative assessment. In line with DBDM, a screening can be employed
to identify weak students as early as possible. Subsequently, an appropriate step-by-step support
should be assigned that corresponds as closely as possible to the measured areas of ability.
Progress monitoring measurements can be used during the support period as a complement to
the screening process, in order to further track the learning progress of weaker students identi-
fied by the screening and to make necessary adjustments to the support provided. In situations
where tests are frequently repeated and items should not be repeated, larger item pools may be
more beneficial. A larger item pool can provide more options for selecting items of appropriate
difficulty levels and prevent items from being repeated. However, creating a larger item pool
may require additional resources and effort. Therefore, the decision to use a smaller or larger
item pool depends on the specific needs and goals of the adaptive test. In the case of the reading
screening, a smaller item pool was deemed appropriate for a one-time use, and the item pool
was carefully selected and calibrated to ensure accurate measurement of students' reading abil-
ities.

Since the reading screening can also be conducted as a non-adaptive test, it is not problematic
if all items are used in this case. In the non-adaptive screening, students frequently complete all
items in the pool successfully. If the length of the screening allows for non-adaptive measure-
ment, it would also be acceptable for adaptive testing if all items in the pool were used, resulting
in the same test length. However, this becomes more problematic when using a significantly
larger item pool with more than 100 items, as exemplified by the generated item pool. If a pool
is large but not appropriately distributed, it is likely that the difficulty of the items in the pool
would not be sufficient to measure all individuals with the desired accuracy (Reckase, 2003;
Ebenbeck & Gebhardt, submitted). If the easiest or hardest item cannot provide enough infor-
mation, there would be no more items that could give additional insight. Instead, the entire
remaining item pool would need to be used again, resulting in a considerably longer measure-
ment with a larger item pool, which may be difficult to justify in everyday teaching. Therefore,
it is necessary to create not only a large but also a well-distributed item pool and to simulate in
advance whether the pool is suitable for testing with the desired accuracy within a reasonable
length.
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From a pedagogical standpoint, drawing the entire item pool because the desired test accuracy
cannot be achieved is problematic, especially for students who have lower performance. If they
struggle with the easiest item and a few of the following items, then all remaining items in the
pool will be drawn, and these items will inevitably be even more challenging, making it unlikely
that they will be answered correctly. This large number of items that are too difficult, and be-
coming increasingly difficult without the possibility of quitting, is not conducive to use in
schools due to motivation issues. On the other hand, students with high abilities may receive
many items that are too easy, which may also be detrimental to their learning. The same issue
of the item pool and the associated adaptive drawing - i.e., the lack of items at the appropriate
difficulty level - would lead to a high proportion of correctly solved items for high-ability stu-
dents and a high proportion of incorrectly solved items or aborted testing for low-ability stu-
dents. This demonstrates the necessity of involving the target group in the development of an
assessment in general and an adaptive test in particular. Therefore, it is important to create a
well-designed and appropriately distributed item pool that meets the needs of all students, re-

gardless of their ability level.

All three studies have demonstrated that using a large item pool with evenly distributed item
difficulties can address the issue of item selection and improve the accuracy of test results.
Therefore, a large item pool is more suitable for test administration from both methodological

and pedagogical perspectives.

However, developing a large item pool presents challenges, especially when designing tests for
primary students and those with SEN. Obtaining a large number of items requires more instruc-
tional and research time, which may not be feasible for some schools and students (Mills &
Stocking, 1996). Additionally, some students may be unable to complete the entire item pool
due to their individual circumstances, which could lead to a loss of focus and potentially distort
the results. One solution is to work on only parts of the item pool in several sessions or to work
with a much larger sample and work on parts of the item pool at a time. In general, it is essential
to strike a balance between research effort, feasibility for schools and students, and the desired

test outcomes.
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5.1.2 Starting the CAT

The adaptive test begins by presenting the first item to the student, and while the specific item
chosen has only a minor influence on the rest of the test, it can result in slight variations in the
average length of the resulting CAT, as demonstrated by the findings from study 2 and study 3.
Typically, a common approach is to use an item with a severity of ¢ = 0 as the first item. study
2’s results show that this choice results in shorter tests compared to using Bayesian estimators
that incorporate prior information. However, study 3 found that using an easier first item with
a o of -1 compared to a medium difficulty item also leads to slightly shorter measurements.
These results have been shown to be consistent across different item pools and groups of sub-

jects.

Despite initial expectations based on the work of Weiss and Kingsbury (1984), incorporating
previously known information about a student may not improve the accuracy of subtest meas-
urements. The reasons for this outcome are not clear. Study 2 ruled out the possibility that the
lack of added value was due to a low correlation between subtests, as there was no additional
test shortening or improved accuracy, even when an individual had identical 0 scores in all four
subtests. The use of a larger item pool with evenly distributed item difficulties also cannot ac-
count for this result, as study 2 did not show any differences between the various item pools.
Therefore, it is unclear in what circumstances using a Bayesian estimator to select the first item
could enhance accuracy over using a fixed first item. Based on the findings, this approach has
been abandoned for the adaptive reading screening. However, it is likely that the algorithm
determining the next items has a much greater influence on the test than the first item, so the

starting rule has less impact on the course of testing.

As an alternative to using previous information, it is possible to use a simpler first item for
developing a CAT suitable for heterogeneous student groups from both methodological and
pedagogical perspectives. Methodologically, using an easier first item could shorten the length
of almost every subtest (except subtest 3) while maintaining accuracy. The first item is fixed
from the start, so its suitability can be specifically checked and selected. This approach provides
a common starting point for all students, enabling later examination of the branches of the CAT.
From a pedagogical perspective, starting with an easier item can lead to a more positive test
experience compared to starting with a moderately difficult item. This is because the probability

of correctly answering the first item is higher with an easier item. Therefore, students are more
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likely to have a sense of achievement at the beginning and approach the rest of the test with a

positive attitude.

In general, there are no benefits to using a moderately difficult first item over an easier one.
Implementing and developing a CAT with an easier first item is less complex compared to using
a moderately difficult first item. Unlike using a Bayesian estimator at the start of a test, selecting
an easier first item can be easily implemented without saving test results for use in the subse-
quent subtests.

5.1.3 Stopping the CAT

During the simulations conducted in studies 1 to 3, it became evident that the termination of the
CAT is influenced not only by the assumed stopping rule itself but also by the item pool of the
CAT. To determine the stopping rule, a precision criterion was used, which was based on a
target SE, following the theoretical foundation provided by Dodd et al. (1993) and Stafford et
al. (2019). The findings of Michiel et al. (2008) and Ebenbeck and Gebhardt (2022) are con-
sistent with the current study, as a higher SE resulted in a shorter test length but also led to less
accurate measurements. Therefore, it is crucial to strike a balance between test length and meas-

urement accuracy when selecting a stopping rule.

Michiel et al. (2008) used a small item pool similar to the one used in this study. With SE(0) <
0.5, they achieved an average test length reduction of 81% (29 items less). In comparison, for
the adaptive reading screening, test length reductions between 30% (9.21 items, subtest 3) and
63% (34.66 items, subtest 2) were achieved. However, with a larger and evenly distributed item
pool of 100 items, on average, up to 85% of the test length could be reduced. This demonstrates
that the potential for test reduction is dependent on the original item pool and its distribution.
Michiel et al. (2008) achieved an accuracy of r = .895 with their stopping rule. In comparison,
both the adaptive reading screening and the generated item pool perform better in most cases,
with accuracies ranging from r = 0.90 to r = 0.94. Therefore, the balance between test length
and test accuracy should be carefully considered. Nonetheless, using a generated item pool, a
correlation of r > 0.90 was achieved for students with SEN, despite a very lenient stopping rule
of SE(0) =0.5. This suggests that while a higher SE leads to shorter testing and affects accuracy,
the average loss of accuracy is small enough that it is more beneficial to argue for a shorter test

length rather than a lower SE.
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However, when dealing with large item pools, an additional stopping rule may be considered.
The accuracy rule of SE(0) = 0.5 alone may not be sufficient to prevent the possibility of an
insufficient item pool for very low or high 6 values. As mentioned earlier, in such cases, the
entire remaining item pool is drawn upon, which is not ideal from a pedagogical perspective.

Hence, there is a need to explore various solutions to address this issue, such as:

On the one hand, introducing a maximum length for the CAT can be a potential solution for
larger item pools. Ebenbeck and Gebhardt (2022) and Ludewig et al. (2022) have demonstrated
the effectiveness of this approach. The advantage of using a fixed-length CAT is that it allows
for better planning in the school environment (Ludewig et al., 2022). Teachers would know in
advance that the test will stop after a predetermined number of items. A suitable number of
items can be selected to ensure that the student is not overburdened. If the test is too easy or too
difficult, or if there are not enough easy or difficult items available for measurement, it will
stop automatically after reaching the predetermined maximum length instead of presenting all
items. However, the disadvantage of this approach is that the maximum length must be defined
in advance, and there are no uniform criteria to determine it. Ludewig et al. (2022), for example,
used the available time in a school lesson and the percentage of tasks that can be successfully
completed by 80% of students in a school lesson as criteria, as well as the number of dimensions
within the test. Such criteria could be used to define a maximum length for a reading screening
test as well. On the other hand, introducing a maximum length does not prevent students with
weak abilities from being overwhelmed by the items before reaching the maximum length and
still having to work through a certain number of items. Therefore, the maximum length should
not be set too low, as it may impede the adaptive selection algorithm and the accuracy rule from
working effectively on the test.

Additionally, a minimum criterion could be introduced to the CAT to address particularly low-
performing students in a class. This criterion would come into play if a student cannot answer
the e.g. three easiest items in the item pool correctly. In this scenario, the test would be auto-
matically terminated without any further items being drawn. The minimum criterion would act
as an additional stop for students with very low abilities who may find the subtest too difficult.
For instance, if a student is struggling to answer the easiest items, it's highly unlikely they would
be able to answer more difficult items accurately. From a scoring perspective, this minimum
criterion would have no negative consequences. The student would only be scored on the items

they were able to answer, and the test would end early, reducing the burden on the student.
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However, it's important to ensure that the minimum criterion is set at an appropriate level that

does not unfairly disadvantage students with certain abilities.

The purpose of the screening CAT is to identify students who require additional support based
on their performance regardless of their SEN status. This is particularly important for students
with low abilities, where the specific value of their ability may be less important than the fact
that they require additional support. In such cases, it may be more relevant to define a threshold
at which students should be assigned further support. If the minimum criterion is applied, it
should be assumed that the student in question needs additional support, regardless of their
exact ability level. However, incorporating this stop criterion was not possible in this study due
to technical limitations with the R packages used. Nonetheless, it is an important consideration
for future implementation of the reading screening. By setting a minimum criterion, educators
can quickly identify students who require further support, without having to go through the
entire CAT process. This can be particularly helpful for students who may become over-
whelmed by the CAT.

In summary, it is recommended to set a fixed starting item with ¢ ~ -1 for each subtest in the
adaptive version of the reading screening LES-IN-DIG. To estimate 0 after each student's re-
sponse, it is recommended to use the proven combination of ML and subsequent Bayesian es-
timator, once no fully correct or incorrect response patterns are left. The next item should be
selected based on MFI. The CAT should be stopped if one of the following rules is met: achiev-
ing a CAT accuracy of SE(0) = 0.5, reaching a maximum length (the specific length per subtest
needs to be determined through further research), or when no more easy items can be drawn. It
IS important to expand the item pools with more items before implementing the screening, es-
pecially for subtest 3. This should not only include more items generated by the existing diffi-
culty-generating item characteristics but also potentially more easy and difficult items. Ideally,
this would result in a subtest-specific item pool with evenly distributed o. This approach will
improve the accuracy and efficiency of the screening process, providing a fair and reliable as-
sessment of the students' reading abilities, which can be used to assign appropriate support and

intervention.
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5.2 Chances of Adaption for Students with SEN
5.2.1 Computerized Adaptive Testing

Early intervention is crucial for providing support to students with SEN. Therefore, a key goal
of special education and inclusive education is to identify individual students' problems before
they develop into persistent difficulties. Standardized measurement instruments, particularly in
the context of DBDM, provide reliable information on students' strengths and weaknesses (Lali
& Schildkamp, 2013), which is essential for students who have difficulties in certain academic
areas and require additional support to develop further.

For students with SEN, assessments therefore play a particularly important role, and screenings
must accurately and reliably identify students with problems so that appropriate support can be
provided based on the results (Jacobson, 1999). Against this background, the potential benefits

and limitations of adaptive tests for students with SEN can be discussed.

Adaptive tests are particularly reliable and suitable for students with SEN as they can adjust to
the students' abilities. The results of the studies in this work show that the adaptive algorithm
works for this student group, and the difficulty level of the proposed items gradually adjusts to
the student's ability level. As the test progresses, students are more likely to receive items that
match their ability level, rather than increasingly difficult items, as is the case with many other

testing procedures.

Also, CAT addresses the areas where students with SEN have difficulties. The results of these
and other studies (e.g. Boudreau & Hedberg, 1999; Di Blasi et al. 2019; Gilmour et al., 2019;
Gresham et al., 1996) show that students with SEN often exhibit weaker academic performance
than their peers without SEN. They make more mistakes and work more slowly, which means
they complete fewer tasks in the same amount of time (Ebenbeck et al. 2023). Adaptive tests
shorten the testing time for students with SEN more than for students without SEN. This could
be considered as an additional support for their special needs and working behavior. The re-
quired concentration time is thus also reduced, and frustration during the measurement could
presumably remain relatively low, since the test ideally should not become much too difficult,
but rather gradually adapts to the student's ability. Since the testing time is shortened and stu-
dents with SEN complete fewer items overall than in a non-adaptive test, they also make fewer
mistakes overall. Study 3 shows that up to two-thirds fewer items are answered incorrectly in

total. Although the percentage of incorrectly answered items does not change, since fewer items
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are processed overall, fewer items are answered incorrectly. Therefore, the student spends as
little time as possible on items they cannot or can only solve with difficulty, and the measure-

ment remains as efficient as possible.

Adaptive tests lead to fairer measurements. Research shows that teachers may assess the per-
formance of low-performing students less accurately than the performance of high-performing
students (Begeny et al., 2008; Coladarci, 1986, p. 144). CBTs, in general, can improve psycho-
metric quality and thus lead to fairer measurements for students (Liebers et al., 2019). CATs
are conducted digitally and therefore have all the advantages of CBTs. However, teachers are
even more guided in the implementation, as the algorithm takes over the adaptation of the test
difficulty. The studies of this work show that measurements of r > 0.9 for students with SEN
can often be observed. The accuracy of the measurements in a CAT can therefore be considered
very good, allowing teachers to rely on the results and use them for further development plan-
ning. Since the reading CAT measurements can be implemented as class-based testing on tab-
lets, testing can also be time- and resource-saving. The teacher can measure several students in
the same amount of time. Since students work on tablets and do not require individual support,
the teacher can also provide general support during the measurement and switch between stu-

dents for advice, support, and assistance.

Overall, the simulated CATSs show that they do not disadvantage students with SEN, but instead
offer more advantages in terms of accuracy, test length, administration, and fairness. With suit-
able item pools, CAT measurement has the potential to measure and identify such students who
need to be identified accurately and quickly. As with all CBTs, it must be clarified in advance
to what extent the students are familiar with working on a PC or tablet. In general, technical

equipment and technical knowledge are no longer a problem for students in a CAT.

5.2.2 Machine Learning Based Adaptive Testing

Taken together, the results of these studies show the high utility of adaptive testing systems for
students with SEN and low performance levels in general. CAT primarily refers to an adaptation
of item difficulty. The immediate previous answers of the examinees and the pre-defined and
calibrated item parameters serve as the basis for adaptation. These studies have found that CAT
provides added value for assessment. Therefore, it is likely that further developments of CAT
can offer a similar, if not higher, added value.
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With CAT, adaptation is essentially influenced by the two aforementioned factors. Therefore,
the type of adaptation is naturally limited. In comparison, Al-based tools and procedures are
becoming increasingly easy to implement and more practical for everyday use. Machine learn-
ing stands out particularly in the context of educational technology and adaptive assessments
(Hilbert et al. 2021, Korkmaz & Correia, 2019, Nafea, 2017, Zheng et al. 2020). Unlike CAT,
machine learning works not only with the immediately given answers of the examinees and
statistical ability estimation, but also with (response) patterns. Thus, entire answer patterns can
serve as a basis for adaptations. Al-based adaptive tests can also learn from answer patterns of
examinees who have taken the test before. This knowledge can be incorporated into adaptations
to achieve more accurate adjustments (McCusker, 2013, Shute & Zapata-Rivera, 2007). It is
conceivable that not only correctly and incorrectly answered tasks are included in the adapta-
tion, but also other characteristics of the student, such as their previous experiences, age, or
SEN status.

Another addition provided by Al-based adaptive testing is the provision of individual feedback
for the examinees in learning environments (Afzaal et al., 2021, Asthana & Hazela, 2020) as
well as the prediction of response patterns (Béhme et al. 2022). This cannot be achieved by
CAT, but could be particularly valuable for low-performing students. An expansion of CAT
with machine learning would therefore also be suitable for enabling, improving, and integrating
adaptive testing for students with SEN into classroom instruction. Furthermore, such individual
feedback can also provide added value for teachers. Based on the response patterns of the stu-
dents, the adaptive test can derive support recommendations and suggest existing support ma-
terials for the teacher. The results of the support materials can in turn be used as input for further
measurements. This creates a symbiosis between assessment and instruction that can be used

for further data-based support decisions.

5.2.3 Need for Digitalization

In order to implement and integrate adaptive testing of any form in the classroom, a progressive
digitization of schools is necessary. CATs can be implemented as software or web-based appli-
cations. For the reading screening discussed in this work, a web-based implementation is
planned. However, digital devices are necessary to use the adaptive test along with the CAT
algorithm. Ideally, there are enough high-performance tablets in the school to enable the use of

adaptive tests.
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The use of computers and tablets in assessment is no longer a hurdle for students (Jeong, 2014;
McClelland & Cuevas, 2020). Additionally, touch-based implementations on tablets can make
the process easier and more intuitive and barrier-free for students while ensuring higher psy-
chometric quality and less experimenter effects (Liebers etal., 2019, Schaper, 2009, p. 26; Wal-
ter & Schuhfried, 2004). However, it is necessary for teachers to have comprehensive digital
competencies. They must be able to handle digital devices to assist when necessary. They
should also be trained to conduct and interpret the adaptive test. A basic understanding of how
the adaptive test works additionally facilitates the implementation and interpretation of results.

In summary, digital methods offer a great added value for assessment and DBDM in schools.
To take advantage of these benefits, a technical upgrade of schools and corresponding training
of teachers and student teachers is necessary to be able to also use new developments in the

field, such as CAT or Al, productively.

5.3 Limitations

The limitations of this study concern the study design as a simulation study, the selected sample
of students with SEN from different grades, the chosen IRT model, and the final scoring of the
CAT.

In CAT studies, it is common to use simulations to ensure a resource-efficient development and
exploration. However, simulation studies have inherent limitations because their quality de-
pends on the quality of the input data, and they cannot account for unforeseen factors. They
make simplifying assumptions and cannot predict, for example, how a student would behave in
a testing atmosphere. Therefore, simulation studies can only make assumptions, limiting the
generalizability of the results and not predicting the accurate behavior of an individual in the
real world. Additionally, in these studies, only the estimated 6 in the Rasch model was selected
as input, and answer patterns were estimated based on it, which adds another factor of uncer-
tainty. This approach had to be chosen due to missing values in the data. However, this means
that the actual answer patterns of the students are missing in the simulations. With a complete
survey of all items, simulations with existing patterns would also be possible, which would
represent the likely performances of the students in a CAT with even higher predictability. De-
spite these limitations, simulation studies offer a cost-effective, risk-free, fast, and controllable

opportunity for data-based prediction and are therefore often used in the context of CAT.
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This study is the first to address CAT in inclusive education, specifically focusing on students
with SEN-L, SEN-I and SEN-S. This student population was chosen partly due to its high prev-
alence in inclusive settings and partly due to its disadvantage in conventional testing systems.
Limitations of the study, therefore, arise from the targeted student body: students with other
SEN, such as physical-motor disabilities, blindness or deafness, were not included in the stud-
ies. The author acknowledges that this student body also plays a significant role in inclusive

classes and must be considered for a test as accessible as possible.

However, it can be assumed that CAT also offers opportunities for students with other special
educational needs. Senel and Kutlu (2017) have already shown that the technology can also be
used for assessment for blind students. Since CAT primarily refers to adaptation based on item
parameters, students with performance deficits in academic areas are more likely to be the target
group - this also applies to individuals with physical special needs, depending on the level of
their performance spectrum. However, there are also additional questions that arise, especially
in the area of assistive technologies, to make testing with CAT on a computer profitable and

without disadvantages in implementation.

This also includes students with severe intellectual disabilities. In order to carry out a CAT, a
few points need to be clarified in advance for students with severe intellectual disabilities. Con-
ducting the test on the computer could pose challenges for students with severe intellectual
disabilities that need to be individually assessed and addressed. However, in such cases, it
would be possible to assist the student in operating the computer or use the computer as an
assistant. The extent to which such assistance would affect test quality would need to be clari-
fied on a case-by-case basis. In addition, as with any test, it must be clarified in advance whether
the skills being measured by the test can actually be measured for students with severe intellec-
tual disabilities. This is evident in the example of reading screening: the CAT technology itself
does not pose a limitation for students with severe intellectual disabilities, but rather the ability
being measured. However, a fully inclusive instrument should be able to assess all students.

Therefore, expanding the measured areas would be worth pursuing in further research.

The sample includes students from different grade levels. Although their reading abilities show
significant differences in the analog reading screening, it was not separately investigated to
what extent they would perform differently in the CAT. It can be assumed that a similar pattern
would emerge as in the differentiation between students with and without SEN. Lower grade

students with lower performance would also be more accurately and briefly assessed than
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higher grade students. Students in secondary school classes for intellectual development show
a very heterogeneous pattern and would, therefore, receive different CATs based on their indi-
vidually developed reading abilities. An analysis by grade level was not conducted as the broad
composition of grade levels aimed to represent a high degree of performance heterogeneity

among students in the sample.

One further limitation of the studies in this work is their generalizability to CATs based on
other IRT models. In this case, only the adaptation of an item pool with one item parameter was
used. Besides item difficulty, no other parameter was included and manipulated as intended in
the Rasch model. The range of IRT models is wide, and the unidimensional Rasch model can
be considered the psychometrically simplest model. Other IRT models include additional di-
mensions or item parameters per item. Both the dimensions and additional item parameters
would need to be taken into account if such a model were to be used as input for CAT. The
studies presented here can provide statements on CATS in heterogeneous learning groups based
on the Rasch model. However, they cannot make generalized statements about CATs based on
other IRT models.

One further limitation of this work is that no statements can be made about an appropriate scor-
ing of the CATSs. As justified in the theory, it is possible to represent the students' results in
terms of their 6 values on a logit scale, but teachers would likely need to be guided in their
interpretation. However, other possibilities for scoring and representation were not explored in

these studies.

5.4 Future Research Possibilities

This work provides a basis for demonstrating more accurate and shorter testing through CAT
for students with SEN. From these results, limitations, and discussion points, further opportu-
nities for future research arise to shed more light and explore the field of adaptive testing in
inclusive and special education. Future research in this field should focus on addressing these
limitations and exploring new avenues for the application of adaptive testing in special educa-
tion. By continuing to develop and refine adaptive testing methods and tools, one can provide
more accurate, efficient, and personalized assessments and interventions for students with SEN,

thereby promoting their academic and social success.
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5.4.1 Implementation of the Adaptive Reading Screening

The results of the simulation studies should be validated in practice to ensure their reliability.
To achieve this, the digital reading screening tool LES-IN-DIG (Ebenbeck et al., 2023), which
was used as input for the CAT simulation studies in this work, will be further developed into
an adaptive reading screening tool. Possible adaptations of the item pool for this step have al-
ready been discussed. The screening will be equipped with a suitable adaptive algorithm and
published on the online platform www.levumi.de after these adaptations. Teachers can use the

screening with their students freely through the platform.

After the implementation of the adaptive screening, the screening itself can be studied in prac-
tice. Different grade levels of students should be tested with the adaptive screening to verify its
test quality. The performance of the screening in the lower performance range of students with
SEN, especially students with SEN-L and SEN-I, is particularly interesting. These students
represent the lower end of the ability range being measured and therefore are the target group
for the adaptive screening. A separate study based on these results is necessary to examine the
performance of the newly developed instrument. In this study, not only the accuracy and test
length but also the response patterns per subtest of the screening should be evaluated to obtain
detailed information about the performance of CAT as an assessment for students with SEN in

practice.

Furthermore, it is important to examine test motivation and test anxiety, especially among stu-
dents with SEN (Stone & Davey, 2011), as these topics were not yet addressed. While the re-
sults indicate no effect on psychological aspects for the majority of students, a follow-up study
should investigate whether this also applies to students with SEN, who generally have more
emotional well-being problems. Finally, there is potential to test and explore the findings of this
study on CATSs for students with SEN using additional IRT models, as well as for other learning
areas in early childhood, school, and extracurricular contexts, to provide a comprehensive pic-

ture of this topic.

5.4.2 Adaptive Testing in the Classroom

In addition to examining the test quality for different student groups, the use of adaptive tests

in the classroom should be investigated. Of particular interest is how adaptive testing is
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integrated into DBDM and what conclusions can be drawn from the link between adaptive test-

ing and tailored support.

Closely linked to this is the consideration of adaptive teaching, in which learning content and
processes are tailored to the individual needs of each student. Adaptive tests can be a part of
adaptive teaching, as they provide a foundation for DBDM in this teaching setting. The results
of adaptive tests can be used by the teacher to adjust their teaching, learning content, and teach-
ing methods to benefit all students. The success of these adjustments can be verified and mon-

itored again with adaptive formative or summative tests.
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6 Conclusion

From its early days as a theoretical concept to its current role as a powerful tool for educators,
CAT has the potential to revolutionize assessments in inclusive education. This innovative ap-
proach to testing allows educators to assess students’ knowledge and abilities quickly and ac-

curately in a way that is both engaging and effective.

As demonstrated in the literature and confirmed by the results of this study, CAT leads to shorter
assessments for students with and without SEN, with students with SEN particularly benefiting
from this type of testing. With a suitable item pool, students with SEN may be measured more
accurately in a shorter time than students without SEN. Therefore, this technology is particu-
larly suitable for assessments in heterogeneous learning groups in inclusive and special educa-
tion, where traditional one-size-fits-all assessments may not accurately capture students' abili-
ties.

Moreover, adaptive testing has the potential to provide a more personalized approach to teach-
ing and learning. By identifying students' strengths and weaknesses, educators can tailor their
instruction to meet the needs of individual learners. This can lead to more effective instruction

and improved academic outcomes for all students, especially those with SEN.

In addition, adaptive testing can help support the development of tools that provide timely and
useful feedback to both students and educators. By leveraging the data generated by adaptive
testing, developers can create feedback tools that provide targeted and actionable information
to help guide students' learning and support their academic growth. For example, educators can
use data from adaptive tests to identify specific areas where students may need additional sup-
port or instruction, or to highlight areas where students have excelled and should be challenged
further.

However, for the potential of CAT to be fully realized, several prerequisites must be met. First
and foremost, schools must have adequate technological resources to conduct CAT. This in-
cludes hardware, software, and network infrastructure that are compatible with CAT systems.
Additionally, teachers must be willing to embrace new technologies and overcome any fear or
aversion to them. Teacher education programs can help support educators in learning how to

use and implement adaptive testing effectively.
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On the other hand, CAT systems must be designed to be accessible (e.g. as Open Educational
Resource), flexible, and cost-effective. They should be customizable to meet the specific needs
of different subject areas, grade levels, age groups, and abilities. CAT developers should also
ensure that their systems are evidence-based and scientifically validated to produce accurate
and reliable results. Students with SEN should be considered during this development process
to ensure the fairness and suitability of the CAT for all students. This will help to increase their
acceptance and adoption by teachers and principals and ensure that they provide a meaningful

value-add to the assessment process.

In conclusion, CAT has the potential to provide a more accurate, efficient, and engaging way
to assess students' abilities.

Its implementation requires careful consideration and further research to ensure its accessibility,
fairness, and effectiveness for all students, especially those with SEN. With the right conditions
and support, CAT may help to create more inclusive and equitable learning environments that

promote academic achievement and success for all students.
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Appendices

A. Example Items of the Subtests

Figure Al

Example item of subtest 1: The title says “Where can you hear the letter? ”. The graphic in the
left box represents the German word for ‘book’ (“Buch”). In the right box, the letter, that has
to be identified within the word, is represented (“B”). Buttons are labelled as beginning (“An-
fang”), middle (“Mitte”), end (“Ende”), and nowhere (“Nirgends”).

Wo horst du den Buchstabeng

Figure A2

Example item of subtest 2: The title says “Does the word exist?”. The word in this example is
the real existing German word for ‘different’ ("anders"). Buttons are labelled as ‘Does exist’
(“Gibt es”) and ‘Does not exist’ (““Gibt es nicht”).

Gibt es das Worte

anders
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Figure A3

Example item of subtest 3: The title says “Which word did you see?”. The flashed word was
“April”. Buttons are labelled with different words, under which the student choses the correct

word.

Welches Wort hast du gesehen?

Figure A4

Example item of subtest 4: The given sentence says “A face has two... .”. The buttons are la-
belled with the different choices “Finger” (AE finger), “Biicher” (AE books), “Augen” (AE
eyes), and “Autos” (AE cars).

Ein Gesicht hat zwei ......... .

Finger Bucher Augen Autos
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B. Simulation Process Charts

Figure B1

in study 1.
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Figure B2

Second part of the simulation process in study 1.
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Figure B3

Simulation Process of Simulation 1 without Subtest Linking, and Simulation 2 with Subtest

Linking.
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Figure B4

Simulation Process of Simulation 3 without Subtest Linking, and Simulation 4 with Subtest

Linking.
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Figure B5

Simulation Process of Simulation 5 without Subtest Linking, and Simulation 6 with Subtest

Linking.
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C. Psychometric Analysis

Figure C1

Graphical Model Check with median split for subtest 4 before removing bad fitting items.

median and below
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above median

Table C1

Item Difficulties (Sigma), Outfit and Infit MSQ of all Subtests each as one-dimensional Rasch
Model.

Subtest 1 Subtest 2 Subtest 3 Subtest 4
Sigma Min -1.56 -1.66 -0.94 -1.18
Max 1.87 2.67 2.17 0.99
Md 0.08 0.09 -0.29 0.03
M 0 0 0 0
SD 1.01 0.86 0.75 0.57
Outfit MSQ Min 0.33 0.34 0.35 0.46
Max 1.58 1.34 1.42 1.18
Md 0.85 0.67 0.62 0.70
M 0.80 0.72 0.63 0.75
SD 0.27 0.22 0.21 0.18
Infit MSQ Min 0.66 0.73 0.68 0.72
Max 1.26 1.28 131 1.16
Md 0.91 0.87 0.84 0.90
M 0.91 0.91 0.86 0.92
SD 0.15 0.11 0.12 0.12
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D. SubCAT Simulations

Figure D1

Scatterplot of true and estimated ability levels of subCAT 1 with SE = 0.5.
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Figure D2

Scatterplot of true and estimated ability levels of subCAT 2 with SE = 0.5.
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Figure D3

Scatterplot of true vs. estimated ability levels of subCAT 3 with SE = 0.5.
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Figure D4

Scatterplot of true vs. estimated ability levels of sSubCAT 4 with SE = 0.5.
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Figure D5

Conditional proportions of test runs of sSubCAT 1 satisfying the stopping rule SE = 0.5, as a

function of the deciles of the true thetas.
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Figure D6

Conditional proportions of test runs of subCAT 2 satisfying the stopping rule SE = 0.5, as a

function of the deciles of the true ability levels.
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Figure D7

Conditional proportions of test runs of sSubCAT 3 satisfying the stopping rule SE = 0.5, as a

function of the deciles of the true ability levels.
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Figure D8

Conditional proportions of test runs of subCAT 4 satisfying the stopping rule SE = 0.5, as a

function of the deciles of the true ability levels.
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Figure D9

Test length of SUbCAT 1 as a function of cumulative percent of examinees.
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Figure D10

Test length of SUbCAT 2 as a function of cumulative percent of examinees.
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Figure D11

Test length of SUbCAT 3 as a function of cumulative percent of examinees.
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Figure D12

Test length of SUbCAT 4 as a function of cumulative percent of examinees.
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Figure D13

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = -1 for sub-
test 2 with black dots in the upper graph being correct answers and white dots in the upper

graph being wrong answers.
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Figure D14

1
12

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = -1 for sub-
test 3 with black dots in the upper graph being correct answers and white dots in the upper

graph being wrong answers.
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Ability estimate
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Figure D15

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = -1 for sub-
test 4 with black dots in the upper graph being correct answers and white dots in the upper
graph being wrong answers.
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Figure D16

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = -3 for sub-
test 2 with black dots in the upper graph being correct answers and white dots in the upper
graph being wrong answers.

sigma

-1.0

-2.0

-3.0

XXXII



Ability estimate

Ability estimate

Figure D17

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = -3 for sub-
test 3 with black dots in the upper graph being correct answers and white dots in the upper
graph being wrong answers.
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Figure D18

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = -3 for sub-
test 4 with black dots in the upper graph being correct answers and white dots in the upper
graph being wrong answers.
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Figure D19

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = 3 for subtest
2 with black dots in the upper graph being correct answers and white dots in the upper graph

being wrong answers.
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Figure D20

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = 3 for subtest
3 with black dots in the upper graph being correct answers and white dots in the upper graph

being wrong answers.
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Figure D21

Item Difficulties (sigma) and theta estimates while a test run (in items) of theta = 3 for subtest
4 with black dots in the upper graph being correct answers and white dots in the upper graph
being wrong answers.
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Figure D22

Scatterplot of true vs. estimated & of the generated item pool and theta of subtest 1.
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Figure D23

Scatterplot of true vs. estimated & of the generated item pool and theta of subtest 2.
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Figure D24

Scatterplot of true vs. estimated & of the generated item pool and theta of subtest 3.
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Figure D25

Scatterplot of true vs. estimated 6 of the generated item pool and theta of subtest 4.
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Figure D26

o of selected items and estimated & while a simulated test run with fixed first item of a person

with true 8 = 0.03 for subtest 1, true & = 2.59 for subtest 2, true & = 1.98 for subtest 3 and true
6@ = 0.23 for subtest 4.
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Figure D27

o of selected items and estimated @ while a simulated test run with connected first item of a
person with true 6 = 0.03 for subtest 1, true 8 = 2.59 for subtest 2, true & = 1.98 for subtest 3
and true @ = 0.23 for subtest 4.
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E: SUbCAT Simulations of SEN Students

Table E1

Results of adaptive and linear screening simulations of real and generated item pools compar-

ing different theta inputs of students with and without SEN and different start items.

simulation  item pool 0 Start item Type M length 9% satisfied stop 0 cor
1 Subtest 1 SEN - linear 35.00 1.00 0.94
Subtest 2 SEN - linear 52.00 1.00 0.94

Subtest 3 SEN - linear 30.00 1.00 0.94

Subtest 4 SEN - linear 28.00 1.00 0.95

2 Subtest 1 No SEN - linear 35.00 1.00 0.91
Subtest 2 No SEN - linear 52.00 1.00 0.90

Subtest 3 No SEN - linear 30.00 1.00 0.85

Subtest 4 No SEN - linear 28.00 1.00 0.92

3 Subtest 1 SEN medium adaptive 15.91 0.92 0.91
Subtest 2 SEN medium adaptive 18.01 0.95 0.90

Subtest 3 SEN medium adaptive 18.64 0.80 0.92

Subtest 4 SEN medium adaptive 15.68 0.92 0.91

4 Subtest 1 No SEN medium adaptive 18.61 0.82 0.89
Subtest 2 No SEN medium adaptive 20.56 0.92 0.85

Subtest 3 No SEN medium adaptive 22.05 0.65 0.84

Subtest 4 No SEN medium adaptive 17.86 0.80 0.91

5 Subtest 1 SEN easy adaptive 15.80 0.93 0.90
Subtest 2 SEN easy adaptive 17.92 0.96 0.90

Subtest 3 SEN easy adaptive 18.86 0.79 0.92

Subtest 4 SEN easy adaptive 15.64 0.91 0.91

6 Subtest 1 No SEN easy adaptive 18.29 0.84 0.88
Subtest 2 No SEN easy adaptive 20.87 0.93 0.85

Subtest 3 No SEN easy adaptive 22.08 0.66 0.83

Subtest 4 No SEN easy adaptive 17.88 0.80 0.90

7 Generated SEN - linear 100.00 1.00 0.98
Generated SEN - linear 100.00 1.00 0.97
Generated SEN - linear 100.00 1.00 0.97
Generated SEN - linear 100.00 1.00 0.98

8 Generated No SEN - linear 100.00 1.00 0.97
Generated No SEN - linear 100.00 1.00 0.95
Generated No SEN - linear 100.00 1.00 0.94
Generated No SEN - linear 100.00 1.00 0.97

9 Generated SEN medium adaptive 14.00 1.00 0.91
Generated SEN medium adaptive 14.01 1.00 0.90
Generated SEN medium adaptive 15.13 1.00 0.93
Generated SEN medium adaptive 13.74 1.00 0.92

10 Generated No SEN medium adaptive 14.26 1.00 0.90
Generated No SEN medium adaptive 14.70 1.00 0.87

XXXIX



Generated No SEN medium adaptive 16.05 1.00 0.87
Generated No SEN medium  adaptive 14.62 1.00 0.92
11 Generated SEN easy adaptive 13.60 1.00 0.91
Generated SEN easy adaptive 13.93 1.00 0.91
Generated SEN easy adaptive 14.24 1.00 0.93
Generated SEN easy adaptive 13.59 1.00 0.93
12 Generated No SEN easy adaptive 14.11 1.00 0.90
Generated No SEN easy adaptive 14.42 1.00 0.86
Generated No SEN easy adaptive 14.80 1.00 0.86
Generated No SEN easy adaptive 14.22 1.00 0.92
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