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Abstract

Previous research on teachers’ assessment accuracy found that teachers struggle to
assess diversity among their students in terms of intra-individual combinations of
cognitive and motivational-affective characteristics, especially when students show
inconsistencies between these characteristics (e.g., high cognitive abilities but low
interest). Based on these findings, a budding interest in studying cognitive processes
associated with teachers’ judgment formation emerged within the scientific
community. This dissertation ties in with research investigating students’ individual
differences regarding their sets of cognitive and motivational-affective
characteristics as reflected in so-called student profiles and research on cognitive
processes underlying teachers’ judgment when confronted with the challenge of
assessing complex student profiles. To gain deeper insight into the process of
teachers’ judgment formation, this dissertation relies on process data collected by a
modern eye-tracking device. Eye-tracking provides an appropriate method for
gaining a deeper understanding of ongoing cognition during various tasks, such as
judging student profiles.

The first study associated with this dissertation sets out to clarify which complex
combinations of student characteristics are most common by using state-of-the-art
statistical latent modeling techniques to identify student profiles. Based on self-
report questionnaires and tests from the National Educational Panel Study (NEPS),
intra-individual combinations of cognitive (cognitive ability and pre-knowledge)
and motivational-affective (interest and self-concept) characteristics were
investigated within the domains of mathematics and German language arts (GLA).
The latent profile analysis (LPA) revealed five distinct student profiles in both
domains. In mathematics, two consistent (strong and struggling) and three
inconsistent (underestimating, overestimating, and average-uninterested) student
profiles were identified. LPA results for GLA showed three consistent (strong,
struggling [motivational], and struggling [cognitive]) and two inconsistent
(overestimating and underestimating) student profiles. The underestimating student
profile was identified most frequently in both domains (31.3% math and 35.3%
GLA).
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The second study aims to explore how teachers observe students when judging their
underlying student profiles. To explore and understand cognitive processes during
judgments, the study analyzes teachers’ gaze patterns, so-called scanpaths. The
main goals are to learn how teachers distribute their eye movements across students
while assessing underlying student profiles, to learn more about this structure of
gaze patterns, to explore how experts and novices differ in their gaze patterns, and
to determine whether a particular gaze pattern leads to a more successful assessment
of student profiles. The scanpath analysis revealed that teachers’ gaze patterns were
idiosyncratic and more similar within the same expertise group. The expert teachers
observed all students to be diagnosed more regularly and performed recurrent scans
to re-adjust their assessment. The results also showed that the experts’ scanpaths
were more complex - including more frequent revisits to all students and equally
distributed attention across all students. The experts’ visual behavior was

statistically associated with higher judgment accuracy in terms of student profiles.

Overall, this dissertation highlights the individual differences among students in
terms of their learning-related characteristics and the diversity and commonalities
within these characteristics. Furthermore, it adds to previous knowledge about
teachers’ professional vision the fact that teachers’ gaze patterns vary in relation to
their professional experience and that experienced teachers’ gaze patterns were

associated with higher judgment accuracy.
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Zusammenfassung

Bisherige Forschungsergebnisse zur Beurteilungsgenauigkeit von Lehrkriften
zeigen die Schwierigkeit bei der Beurteilung von kognitiven und motivational-
affektiven Schiilervoraussetzungen (z.B. Interesse). Fiir Lehrkrifte scheint
herausfordernd zu sein, intra-individuelle Kombinationen von kognitiven und
motivational-affektiven =~ Schiilervoraussetzungen  richtig zu  beurteilen,
insbesondere ~ wenn  Schiiler*innen  Inkonsistenzen  zwischen  ihren
Schiilervoraussetzungen aufweisen (z.B. hohe kognitive Fihigkeiten, aber geringes
Interesse). Basierend auf diesen Erkenntnissen entstand in der Wissenschaft ein
wachsendes Interesse an der Untersuchung kognitiver Prozesse, die mit der
Urteilsbildung von Lehrern einhergehen. Diese Dissertation kniipft zum einen an
Forschung zu individuellen Unterschieden von Schiilern*innen hinsichtlich ihrer
kognitiven und motivational-affektiven Schiilervoraussetzungen an, die sich in
sogenannten Schiilerprofilen widerspiegeln. Zum anderen setzt sie die Forschung
zu zugrundeliegenden kognitiven Prozessen von Lehrkriften wihrend der
Beurteilung komplexer Schiilerprofile fort. Um tiefere Einblicke in den Prozess der
Urteilsbildung bei Lehrkriften zu erhalten, stiitzt sich diese Dissertation auf
experimentelle Prozessdaten, die mit einem modernen Eye-Tracker erhoben
wurden. Die erhobenen Prozessdaten ermoglichen eine tiefergehende

Untersuchung von Aufmerksamkeits- und Diagnoseprozessen von Lehrkriften.

Die erste Studie, die mit dieser Dissertation verkniipft ist, betrachtet, welche
komplexen Kombinationen von Schiilervoraussetzungen am héaufigsten
vorkommen, indem Schiilerprofile mithilfe latenter Profilanalysen (LPA)
identifiziert werden. Auf der Basis von Fragebogendaten und Tests aus dem
Nationalen Bildungspanel (NEPS) wurden intra-individuelle Kombinationen von
kognitiven (kognitive Fahigkeiten und Vorwissen) und motivational-affektiven
(Interesse und Selbstkonzept) Schiilervoraussetzungen innerhalb der Doménen
Mathematik und Deutsch untersucht. Die latenten Profilanalysen ergaben fiinf
verschiedene Schiilerprofile in beiden Doménen. In Mathematik wurden zwei
konsistente (stark und schwach) und drei inkonsistente (unterschitzend,
tiberschitzend und durchschnittlich-uninteressiert) Schiilerprofile identifiziert. Die

LPA-Ergebnisse fiir Deutsch zeigten drei konsistente (stark, schwach
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[motivational] und schwach [kognitiv]) und zwei inkonsistente (iiberschitzend und
unterschitzend) Schiilerprofile. Das unterschitzende Schiilerprofil wurde in beiden

Dominen am hiufigsten identifiziert (31,3 % Mathematik und 35,3 % Deutsch).

Basierend auf diesen Erkenntnissen war das Ziel der zweiten Studie,
Aufmerksamkeitsprozesse von Lehrkriften wihrend des Diagnostizierens zu
erfassen — insbesondere um den Prozess zu verstehen, wie Lehrkrifte
Schiiler*innen beobachten um beurteilungsrelevante Informationen zu sammeln.
Um  Aufmerksamkeitsprozesse zZu erforschen, wurden sogenannte
Blickbewegungspfade (Scanpaths) der Lehrkréfte untersucht. Die Hauptziele lagen
darin, zu beleuchten, wie Lehrkrifte ihre Aufmerksamkeit auf die verschiedenen
Schiiler*innen verteilen, wéhrend sie ihre zugrundeliegenden Schiilerprofile
beurteilen; mehr iiber die Struktur der Blickmuster zu erfahren; zu erforschen, wie
sich Experten und Novizen in ihren Blickmustern unterscheiden; und festzustellen,
ob ein bestimmtes Blickmuster zu einer erfolgreicheren Beurteilung der
Schiilerprofile  fiihrt. Die Ergebnisse der Scanpath-Analyse zeigten
idiosynkratrische Blickmuster der Lehrkréfte und, dass sich Blickmuster innerhalb
der gleichen Expertise-Gruppe stirker dhnelten. Experten beobachteten alle zu
diagnostizierenden Schiiler regelméfBiger und fiihrten wiederkehrende Scans durch,
um ihre Einschitzungen neu zu justieren. Dariiber hinaus fiihrten Experten
komplexere visuelle Scanpaths durch — Experten zeigten hidufig wiederkehrende
Fixationen auf allen Schiilern und verteilten ihre Aufmerksamkeit gleichméaBiger
auf alle Schiiler. Das visuelle Verhalten der Experten war statistisch mit einer

hoheren Beurteilungsgenauigkeit in Bezug auf Schiilerprofile verbunden.

Insgesamt stellt diese Dissertation die individuellen Unterschiede zwischen den
Schiiler*innen in Bezug auf ihre lernrelevanten Charakteristika sowie die Vielfalt
und die Gemeinsamkeiten innerhalb dieser Charakteristika heraus. Dariiber hinaus
erginzt sie das bisherige Wissen iiber die visuelle Expertise von Lehrkréiften und
zeigt auf, dass sich Blickmuster von Lehrern in Abhéngigkeit von ihrer
Berufserfahrung verdndern, wobei Blickmuster erfahrener Lehrkrifte mit einer

hoheren Urteilsgenauigkeit verbunden sind.
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1  Introduction

As early as the late 1970s, Richard J. Shavelson, in his paper “Teachers’
Estimates of Student ‘States of Mind’ and Behavior” (Shavelson, 1978), outlined
that one of the essential tasks in teachers’ everyday professional work is assessing
learning-relevant cognitive and motivational-affective student characteristics. He
wrote, “teachers’ estimates of students ‘states of mind’—cognitive, emotional,
motivational—provide primary information in deciding how to teach” and “during
teaching itself, new information can be obtained bearing on the student’s current
state of mind” (Shavelson, 1978, p.37). Almost forty years and much research later,
the relevance of Shavelson’s statement remains unchanged and is the basis of many
current research approaches. In their day-to-day teaching, teachers continuously
collect moment-to-moment data about their students to provide tailored
instructions, adapt the difficulty of current tasks at hand, plan further classroom
activities and materials, provide feedback, or grade students (Corno, 2008). When
teachers plan their lessons or teach and interact with their students, they are
confronted with a classroom full of individuals who have acquired unique
combinations of learning-relevant student characteristics throughout their
educational careers. Some students might be interested in mathematical questions
but do not have the necessary knowledge to answer them, while others display the
opposite combination of traits. Still other students are aware of their abilities and
hold high cognitive as well as motivational-affective characteristics. Researchers
have gradually begun to investigate this complex intra-individual interplay of
cognitive and motivational-affective characteristics to identify which combinations,
so-called student profiles, are most predominant among students (e.g., Linnenbrink-
Garcia et al., 2012; Seidel, 2006). However, compared to traditional variable-
centered research (i.e., the statistical correlation between two student characteristics
or a learning outcome), only a few scholars in education have used this so-called
person-centered research approach. Although previous person-centered research
has provided some exciting findings (e.g., that the number of students who have
good cognitive prerequisites but low interest and self-concept is very high in
physics, see Seidel, 2006), it is still challenging to underpin general statements on

student profiles with empirical findings. Comprehensive knowledge of student
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profiles is still limited, for example, in terms of the number of learning domains
included in the research or in terms of the focus of specific school track levels.
Hence, there is still considerable uncertainty about the generalization of the various

student profiles identified in the literature.

To come back to the opening statement by Richard J. Shavelson—he
continued his remarks by raising an important question that is still highly relevant
for many researchers today, which is, “do [teachers] evaluate the information
accurately?” (Shavelson, 1978, p.37). When Shavelson’s paper was originally
written and published in the late 1970s, the answer would probably have been: we
do not know for sure. Not only does he attest that research on teachers’ judgment
accuracy is a “subject ripe for research” (Shavelson, 1978, p.38), but he also
specifies that “research [is] needed” (Shavelson, 1978, p.38). Forty years later, this
call for research was addressed by various scholars in education. Several studies
investigated teachers’ judgment accuracy on different student characteristics
relevant to education, such as students’ academic self-concept (Praetorius et al.,
2013) or students’ cognitive abilities (Machts et al., 2016). However, the studies
outlined have exclusively focused on teachers’ judgment accuracy concerning
isolated student characteristics—an approach that might be limited because teachers
perceive students holistically and include more than one student characteristic in
the process of forming judgments (Kaiser et al., 2013). An emerging research strand
aims to overcome this limitation and explore how accurately teachers can assess
complex student profiles (e.g., Huber & Seidel, 2018; Seidel et al., 2020). In terms
of judgment accuracy, there is preliminary evidence that teachers tend to
overestimate the consistency of student profiles and have difficulty identifying
student profiles with conflicting information on cognitive and motivational-
affective characteristics (e.g., a student with high cognitive abilities but low self-
concept). It is not yet sufficiently understood why some teachers are better at
assessing student profiles than others. Therefore, moderators like teacher
characteristics—teachers’ intelligence (Kaiser et al., 2012), teachers’ judgment
confidence (Praetorius et al., 2013), or teachers’ beliefs (Gralewski & Karwowski,
2016)—may help to explain some of the variances in teachers’ judgments of student
characteristics. Within research on teachers’ judgment accuracy, however, is an

increasing theoretical interest in capturing the cognitive processes associated with
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teachers’ judgments (Loibl et al., 2020) of student profiles (Schnitzler et al., 2020;
Seidel et al., 2020) rather than relying exclusively on the judgment outcome (Artelt
& Griésel, 2009; Spinath, 2005). To gain deeper insight into the process of teachers’
judgment formation, some researchers in recent years have increasingly relied on
process data collected by modern eye-tracking devices (Schnitzler et al., 2020;
Seidel et al., 2020). Eye-tracking provides an appropriate method for gaining a
deeper understanding of cognitive and ongoing mental processes during various
tasks, such as judging student profiles. However, the connection between teachers’
perceptual processes and a professional outcome, such as assessing student profiles,
has rarely been made in existing literature (Schnitzler et al., 2020; Seidel et al.,

2020), and numerous questions are still unanswered.

Aim of the dissertation. This dissertation responds to Shavelson’s call for
research and aims to contribute new knowledge in both of the research strands
briefly outlined in the introduction. The following theoretical considerations and
empirical results are summarized in this thesis overview—the more interested
reader will find additional and more detailed passages in the two publications
associated with this dissertation (Kosel et al., 2021; Kosel et al., 2020).

Students’  learning-relevant  cognitive and  motivational-affective
characteristics and teachers’ professional competencies, such as their abilities to
assess student characteristics, can be represented in the supply-use model (Helmke,
2012), which is one of the most causal models in instructional effectiveness
research and has been adopted by many researchers, including Seidel & Reiss
(2014). The present dissertation is guided by the adapted supply-use model depicted
in Figure 1. In general, supply-use models divide teaching mechanisms into a
supply level, a use level, and an outcome level. At the supply level, teachers create
and provide learning opportunities for students to use. Teaching and the provided
learning opportunities depend mainly on teacher characteristics, like their
professional competencies. Influencing factors for teaching quality are, for
example, the teacher’s professional knowledge, such as his/her subject-specific
knowledge and didactic competencies. The use level of teaching and learning
includes student learning prerequisites, labeled as individual student characteristics.
Individual student characteristics influence learning outcomes as well as individual

learning activities. The intra-individual interplay of these cognitive and
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motivational-affective characteristics is the focus of Journal Article I associated
with this dissertation. Besides, factors of the learning environment (e.g., migration

background) are used as validation variables in Journal Article L.

Context of school and subject

! !

Teacher Characteristics Teaching Processes
General characteritics Professional competencies Tailored Instructions,
quality of instruction,
e.g. age, gender, experience Knowledge, beliefs, motivation, teacher student

assessment competence

/

relationship

Learning envrionment Individual Individual
(familie, peers, media) student characteristics student learning progress
- Learning activity (use of
SES, language spoken Moticational learning opportunities).
at home, migration Cognitive S Learning strategies
L -affective n =
background attention and effort
g :
§ Learning outcomes

Figure 1. Framework model of this dissertation - Supply-Use Model adopted from Seidel & Reiss (2014)
and Huber (2017)

In traditional supply-use models, the link between teachers’ professional
competencies and student characteristics exists only through the instructional
process they initiate to stimulate students’ individual learning activities according
to their characteristics (i.e., tailored instructions). However, before teachers can
provide tailored instructions, they have to assess their students’ characteristics. As
this dissertation focuses on the process of teachers’ judgment formation, this
dissertation’s used framework model follows Huber’s (2017) adaptation and
highlights a particular link between teachers’ professional competencies and
students’ characteristics by adding an eye-arrow. The added eye arrow represents
the teacher’s perception of their students’ learning relevant characteristics. In this
sense, teachers’ are required to notice diagnostic-relevant student engagement
behaviors and linking these perceptions to their interpretation of underlying student
characteristics. The ability to successfully accomplish this task is recognized as a
central component of teachers’ professional competence (Blomke et al., 2015) and
is often labeled as professional vision (Goodwin, 1994, Seidel & Stiirmer, 2014).

Moreover, teachers’ visual perception is seen as an essential aspect of the noticing
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component of professional vision (Lachner et al., 2016). In this course, Journal
Article IT aimed to use process data (eye-tracking data) to explore teachers’ noticing
abilities in the context of teachers observing student engagement and judging

underlying student profiles.

Overall, this dissertation seeks to shed more light on the intra-individual
relationship of learning-relevant cognitive and motivational-affective student
characteristics—manifested in student profiles—and to examine the cognitive
processes involved in the teacher’s professional task of assessing these complex
student profiles. First, the dissertation aims to overcome the problem of limited
generalizability of previous findings on student profiles by using a large, nationally
representative dataset, including student data from all secondary school tracks in
Germany, and examining student profiles within the two domains of mathematics
and German language arts (GLA). Furthermore, another focus was on a
comprehensive validation of the student profiles to increase their empirical
robustness. Second, the dissertation endeavors to account for the budding interest
in studying cognitive processes associated with teachers’ judgments (Loibl et al.,
2020) of complex student profiles (Seidel et al., 2020). With this aim in mind, the
thesis is explicitly interested in analyzing how teachers judge student profiles
instead of investigative moderators, like teachers’ characteristics (e.g., teachers’
motivation), that might explain differences in judgment outcomes. Because
teaching is a visually intensive profession, there is a growing interest in eye-
tracking data from teachers. However, current knowledge about teachers’
perceptual processes when assessing student profiles is limited (Schnitzler et al.,
2020; Seidel et al., 2020), and there is currently no research available that has
directly linked teachers’ visual behavior to their judgment accuracy. This thesis
aims to bridge this gap. Inspired by other research areas (medicine: O’Neill et al.,
2011; or chess: Charness et al., 2001) and in particular by research on teachers’
gaze patterns by McIntyre and Foulsham (2018), this thesis analyzes teachers’ gaze
patterns during the assessment of complex student profiles. The main aim is to learn
how teachers distribute their eye movements over the students (and their underlying
student profiles) being assessed, learn more about the structure of this gaze pattern,
explore how experts and novices differ in their gaze patterns and determine if any

gaze pattern led to a more successful judgment of student profiles.
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This dissertation’s overview begins by reviewing the literature of single
cognitive and motivational-affective student characteristics and their relevance in
explaining differences in the development of academic achievement. This is
followed by a paragraph on previous studies that have used the person-centered
approach and examined student profiles. This work then demonstrates the current
state of research on teachers’ ability to assess individual student characteristics as
well as complex student profiles, followed by theories that can help explore the
cognitive process underlying teachers’ judgments. The dissertation then deals with
the professional vision of teachers and current research findings. It then iterates how
the analysis of eye movement patterns can further contribute to understanding
teachers’ cognitive processes involved in teaching and judging and explores
whether specific eye movement patterns can be associated with better judgment
accuracy. The subsequent chapter provides an overview of the methodological
approach, followed by a summary of the two journal articles associated with this
dissertation. The final chapter presents a general discussion of principal findings

from both journal articles.
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2 Theoretical Background

2.1 Identifying Learning-relevant Student Characteristics

In educational research, the relevance of learning-relevant cognitive and
motivational-affective student characteristics for learning and achievement has
been extensively studied (Alexander et al., 1994; Carroll, 1993; Snow, 1989).
Traditionally, cognitive student characteristics are most prominent. Cognitive
student characteristics comprise students’ general cognitive abilities and their
subject-specific knowledge (e.g., pre-knowledge). Motivational-affective student
characteristics comprise students’ perceptions of their subject-specific self-concept

or subject-specific interest.

2.1.1 Cognitive Learning-relevant Student Characteristics

In the mid-nineties, a task force convened by the American Psychological
Association addressed the emerging debate about the issues of what is known and
unknown about human cognitive abilities (Neisser et al., 1996). In their final report,
cognitive abilities were described as the ability “to understand complex ideas, to
adapt effectively to the environment, to learn from experience, to engage in various
forms of reasoning, [and] to overcome obstacles by taking thought” (Neisser et al.,
1996, p. 77). In a similar vein, Carroll (1993) defined human cognitive abilities as
any skill involving cognitive tasks in which the correct processing of mental
information is essential for successful performance. Several meta-analyses and
studies have demonstrated that cognitive abilities predict school achievements
(Deary et al., 2007; Fleming & Malone, 1983), such as SAT scores (Roth et al.,
2015; Wilson et al., 2014) and test performance (Lauermann et al., 2020). This
extensive body of robust empirical studies has consistently shown that cognitive
abilities account for substantial variance in school performance (Deary et al., 2007;
Roth et al., 2015).

Domain-specific pre-knowledge is another crucial cognitive student
characteristic. In line with Alexander, Jetton, and Kulikowich’s (1995) perspective,
students’ pre-knowledge embodies all the information they have acquired on a
specific topic or in a particular domain (e.g., understanding and knowledge about
basic concepts of a topic or domain, specific vocabulary). Domain-specific pre-

knowledge is the foundation and a strong predictor for acquiring new knowledge
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(Alexander, 2003). Students who lack relevant pre-knowledge have difficulty

learning new information (Ausubel, 2012).

Despite this uncontroversial impact of cognitive characteristics on academic
achievement, research increasingly highlights that motivational-affective
characteristics are also critical to student learning and school achievement (Dai &

Sternberg, 2004).

2.1.2 Motivational-affective Learning-relevant Student Characteristics

Self-concept of ability refers to students’ perceptions of their own skills and
abilities in academic tasks (Shavelson et al., 1976). The effect of students’ self-
concept on achievement has been studied several times (Huang, 2011; Lauermann
et al., 2020). In his meta-analysis, Huang (2011) found a moderate correlation
between students’ self-concept and academic achievement. In a recent study,
Lauermann and colleagues (2020) found that students’ self-concept of ability is the
best motivational-affective predictor of mathematics and German language arts
achievement.

Furthermore, subject-related interest, defined as a tendency to like and value
a specific content or domain, predicts academic achievement (Alexander et al.,
1994; Schiefele et al., 1992). In interest research, a distinction is usually made
between situational and individual interest (Schiefele, 2009). According to the first
perspective, situational interest can be described as a momentary experience in
which an object, context, or feature attracts the individual’s attention for a limited
time (external causes—e.g., a particular topic). In the second perspective, individual
interest is perceived to be a more enduring and relatively stable disposition toward
a particular domain or content, where the origin of interest lies within the
individual—the likelihood of engaging and re-engaging with this specific domain
or topic is high (Schiefele, 2009). Schiefele and colleagues’ (1992) meta-analysis
shows a moderate overall correlation between interest and academic achievement.
Moreover, interest is not only associated with achievement but also with academic

effort and learning quality (Schiefele et al., 1992).
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2.2 Complex Combinations of Learning-relevant Student

Characteristics

A substantial body of variable-centered research has found that cognitive and
motivational-affective student characteristics are related to each other (Denissen et
al., 2007; Marsh et al., 2005; Schrader & Helmke, 2008; Tobias, 1994). For
example, Tobias (1994) found that students’ interests and knowledge are positively
connected because students interested in specific contents or domains are more
engaged and therefore accumulate more knowledge. Other research found a
substantial relation between students’ interest and self-concept (Denissen et al.,
2007). Self-concept and interest are very positively related and develop mutually
so that their levels converge over time. Domains in which students perceive
themselves as competent are generally those in which they have also developed an
interest (Denissen et al., 2007). Both student characteristics have a similar structure
with a more general higher-order component and multidimensional subject-specific
components (Gogol et al., 2016; Shavelson et al., 1976).

Another research strand has increasingly investigated the complex
interactions of cognitive and motivational-affective characteristics by following a
person-centered approach (Lau & Roeser, 2008; Linnenbrink-Garcia et al., 2012;
Stidkamp et al., 2018). The goal of person-centered research is to identify potential
subpopulations that exhibit differential configurations, so-called profiles, of a set of
indicator variables that would be difficult to detect or interpret using more
traditional variable-centered approaches (Lazarsfeld, 1957; Lazarsfeld & Henry,
1968). Previous work has shown that some combinations of cognitive and
motivational-affective student characteristics are most predominant among students
(Linnenbrink-Garcia et al., 2012; Seidel, 2006; Stidkamp et al., 2018). For example,
Stidkamp et al. (2018) analyzed cognitive ability, academic self-concept,
motivation to learn, and achievement-related anxiety in elementary school students.
Latent profile analysis yielded a three-profile solution that included two consistent
profiles: a) students with high scores on cognitive and motivational-affective
variables and low performance-related anxiety, and b) students with average to low
scores on cognitive and motivational-affective variables and high performance-
related anxiety. The remaining profile, c), showed a more inconsistent pattern that
included students with average cognitive ability, low academic self-concept, very

low learning motivation, and moderate anxiety. In physics, Seidel (2006) identified
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five complex student profiles using latent cluster analysis. Students’ cognitive
abilities, pre-knowledge, domain-specific interest, and self-concept were used as a
set of indicator variables. Two of these student profiles can be described as being
consistent, in which students showed either overall high (strong student profile) or
low (struggling student profile) values for cognitive and motivational-affective
characteristics. ~ Other  students displayed inconsistent combinations:
“Overestimating” students showed relatively low values for cognitive
characteristics but reported a high domain-specific interest and self-concept.
“Underestimating” students showed the opposite pattern—these students had good
cognitive abilities combined with low values in domain-specific interest and self-
concept. The last identified student profile was characterized by students considered
to be “uninterested” due to their good to average cognitive skills but low domain-
specific interest. Altogether, Seidel (2006) found that 57% of the students were
assigned to inconsistent profiles. Since the number of inconsistent profiles was also
high in other studies (Linnenbrink-Garcia et al., 2012; Seidel et al., 2016; Stidkamp
et al., 2018), this suggests that these inconsistent profiles are meaningful not only
for researchers, but also for teachers. Teachers are likely to have multiple students
in their class with inconsistent combinations of cognitive and motivational-
affective characteristics. Therefore, it is alarming that previous research has found
that teachers have trouble identifying inconsistent combinations of cognitive and

motivational-affective characteristics.

2.3 Assessment as an Everyday Task for Teachers

Being able to adequately assess the current state of students’ cognitive (e.g.,
pre-knowledge) and motivational-affective (e.g., self-concept) characteristics and
appropriately estimate learning requirements (Artelt & Grisel, 2009) are essential
components of professional teacher competencies (Herppich et al., 2018). They are
also a prerequisite for teachers to provide tailored instruction (Corno, 2008).
Therefore, assessing individual learners can be seen as the main challenge in
teaching (Corno & Snow, 1986). This raises the question of how well teachers are
able to identify individual relevant student characteristics—or their complex

combinations—in the form of student profiles.
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2.3.1 Teacher’s Judgment Accuracy of Student Characteristics and Student

Profiles

Much of the research on teacher judgment accuracy has focused exclusively
on teachers’ ability to judge single cognitive or motivational-affective
characteristics without accounting for the intrapersonal connectedness of student
characteristics. Previous meta-analyses have emphasized that teachers assess
students’ cognitive abilities (Machts et al., 2016) and achievement (Demaray &
Elliot, 1998; Siidkamp et al., 2012) relatively accurately. However, some authors
have investigated the accuracy of teacher judgments of motivational-affective
characteristics and recognized that teachers tend to have more problems judging
such characteristics, such as self-concept (Praetorius et al., 2013; Spinath, 2005) or
interest (Karing, 2009), in students. Kaiser and colleagues (2013) provided
evidence that teachers perceived students holistically and intermingled distinct
student characteristics when asked to separately judge cognitive abilities and
motivational characteristics. In the light of reported findings of Kaiser et al. (2013),
the question emerges as to the extent to which teachers are able to assess student
profiles that combine cognitive and motivational-affective student characteristics.
A few studies have explored this question (Huber & Seidel, 2018; Seidel et al.,
2020; Siidkamp et al., 2018). For example, Stidkamp et al. (2018) found that
teachers consistently judge students as average, over-average, or under-average,
indicating that cognitive and motivational-affective characteristics typically go
hand-in-hand for many teachers. Stidkamp et al. (2018) interpreted these results as
showing how teachers might apply heuristics by clustering students according to
pre-defined prototypes. However, student profiles from previous studies
(Linnenbrink-Garcia et al., 2012; Seidel et al., 2016) yielded a much larger variety,
including inconsistent student profiles, such as underestimating, overestimating, or
uninterested. In a recent study by Seidel et al. (2020), teachers were asked to judge
five student profiles established in a previous study (Seidel et al., 2016). Following
an expert-novice comparison approach, it was shown that experienced teachers
were more accurate in judging inconsistent student profiles when compared to
novice teachers (Seidel et al., 2020). However, no significant differences in
judgment accuracy of the consistent profiles (strong, struggling) were found.

In summary, previous studies on the assessment accuracy of student profiles

indicate that teachers have particular difficulty correctly identifying inconsistent
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student profiles. However, it remains relatively unclear why some teachers can
reach a high judgment accuracy while others fail to judge student profiles correctly.
Seidel et al. (2020) provided initial findings that teachers’ professional experience
is a critical factor explaining differences in judgment accuracy of student profiles.
Nevertheless, to understand why expertise might influence this type of assessment
task, it is necessary to examine the process of judgment formation more closely.
Along this research line, Schnitzler et al. (2020) analyzed teachers’ differential use
of diagnostic student cues, such as engagement (e.g., hand-raisings), to examine the
judgment formation process. She found that student teachers with high judgment
accuracy of student profiles utilized combinations of diagnostic student cues that
pointed to a specific student profile. In contrast, student teachers with a low
judgment accuracy had difficulty using distinct combinations of relevant diagnostic
cues. These findings may highlight the importance of the cognitive process in
judgment processes for explaining why some teachers are better at judging than
others. However, as past research has mainly focused on judgment accuracy, far
less is known about which specific cognitive and information processes underlie
teachers’ assessments (Leuders et al., 2018; Loibl et al., 2020; Schnitzler et al.,
2020).

2.3.2 Cognitive Processes That Underlie Teachers’ Assessments
Empirically-proven cognitive models of information processing from social
and general psychology (Brunswik, 1955; Chaiken & Trope, 1999; Croskerry,
2009; Fiske & Neuberg, 1990) can provide a theoretical basis for cognitive
modeling of teacher judgments. For example, Brunswik’s lens model of perception
is based on the paradigm that humans continuously evaluate various latent and not
directly observable distal traits in their daily life (e.g., the emotional state of
strangers). In order to evaluate the latent traits as accurately as possible, humans are
required to observe and interpret so-called information cues (e.g., facial expression,
body posture). Brunswik’s lens model of perception can also be used to explain
teachers’ judgment and decision-making processes. In trying to apprehend a not
directly observable student characteristic (e.g., a student’s current level of interest),
the teacher only has recourse to imperfect indicators or cues (i.e., number of hand-
raisings as an indicator for interest). Since there are typically multiple information

cues available, the teacher’s task is to combine information collected from these
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ambiguous cues to reach the best possible judgment. Teachers’ judgment accuracy,
therefore, depends first on whether critical student cues are noticed, then on whether
noticed cues are related to the actual distal trait, or—if cues are misleading (cue
validity)—the degree to which teachers build their judgment on noticed cues (cue
utilization) (Brunswik, 1955; Leuders et al., 2018).

Other theories can be described as dual-process theories of judgment
formation under uncertainty (Croskerry, 2009; Fiske & Neuberg, 1990). The dual-
process theories have in common the fact that mental processes are divided into two
primary forms of reasoning, depending on whether they are automatic or controlled.
For example, Croskerry’s (2009) universal diagnostic reasoning model from his
research on medical reasoning is a promising model that can be applied to better
understand teachers’ underlying cognitive processes during diagnostic tasks. This
model posits two decision-making systems, which run partly parallel: System 1
(heuristic, intuitive) processes very quickly and is based on teachers’ professional
knowledge and heuristics. Teachers can use this fast and automated system when
their internal pattern processor has detected critical cues that are already stored in
memory and available for recall in the diagnostic situation. In contrast, System 2
(systematic, analytical) is engaged when teachers have not readily recognized a
student’s behavior (cues) as belonging to a specific student characteristic or if cues
do not follow regular scripts. Teachers then perform a slow and resource-intensive
systematic search of decision-relevant cues and must therefore tease out various
possibilities from one another. Returning to the example of the distal characteristic,
“student’s interest,” from above: if a teacher wants to judge a student’s level of
interest, and if they have stored knowledge about critical cues related to a student’s
level of interest (e.g., number of hand-raisings or body language), then the heuristic
System 1 is more engaged—the teacher can then take mental shortcuts because they
have immediately and automatically recognized the pattern of cues (e.g., high
frequency of hand-raising + positive body language = high interest). In contrast, if
a teacher has not stored critical cues in long-term memory (which indicates the
student’s level of interest), then the decision-making process is more cognitively
intense. System 2 is more engaged in this situation, and the teacher must notice all
available cues and select and weigh critical ones by making inferences as to whether
they are related to the distal characteristic. It is important to note that System 2 is

built by learning and conscious activation through repeated exposure (professional
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experience) that promotes the acquisition and storage of knowledge in the long-
term memory (i.e., repeated systematic processing with the same exposure leads to
automated processing).

The outlined theories have also been applied in recent models of teacher
judgment competence by Herppich et al. (2018) or Loibl et al. (2020). The authors
suggest that teachers form their judgments about students on the continuum of the
two processing modes described in the theories. However, the increasing theoretical
interest in capturing the cognitive processes associated with teachers’ judgments
(Loibl et al., 2020) has increased the need to implement new methods for capturing

the judgment process better. One of these methods is eye tracking.

2.4 Teacher Gaze in the Context of Professional Vision

When teachers gain information and collect behavioral cues (like information
and behavioral cues described earlier in the Lens Model; Brunswik, 1955) to make
inferences (or reasoning) about underlying student characteristics, the judgment and
decision-making process relies heavily on attentional processes (Borko et al., 2008).
The primary source of information for teachers in this scenario is student
observation during instruction. Therefore, analyzing teachers’ attentional processes
has the potential to help us to better understand the cognitive processes and
behavioral activities underlying teachers’ assessments. Teachers’ eye gaze is a
direct indicator of the allocation of visual attention. The ways in which teachers
selectively direct their attention to specific events to make inferences are critical
features of the concept of professional vision (Goodwin, 1994). The concept of
professional vision implies two interconnected processes: (1) noticing, describing
teachers’ ability to direct their attention to relevant classroom events and
information cues; and (2) knowledge-based reasoning, referring to teachers’ ability
to interpret these events based on their professional knowledge and anticipate
consequences for further learning (Goodwin, 1994; Seidel & Stiirmer, 2014).
Despite an increased focus on teachers’ noticing ability and the use of qualitative
analyses of think-aloud protocols or interview transcripts (Clarridge & Berliner,
1991; van Es & Sherin, 2010), fewer studies have investigated teachers’ perceptual
processes, which are linked to the noticing component of teachers’ professional

vision (Seidel et al., 2020). Existing research on teacher perception primarily uses
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eye-tracking metrics, such as the number of fixations or average fixation duration,
to determine where teachers focus their attention and process visual information
(Seidel et al., 2020; van den Bogert et al., 2014; Wolff et al., 2016). These studies
adopted an expert-novice approach and showed that experienced teachers exhibit
notable differences in eye movement behavior compared to novices. Over the years,
several eye-tracking parameters have emerged that are associated with the teacher’s
level of expertise: Studies have shown that experts a) have more fixations on task-
relevant areas and fewer on task-irrelevant ones (Wolff et al., 2016); b) have shorter
mean viewing times (shorter fixations) (Wolff et al., 2016), indicating that they are
faster at encoding information; and c) distribute their fixations more evenly (van
den Bogert et al., 2014).

The question remains as to why teachers change their eye movement
behavior throughout professional development. When teachers observe students,
their eye movements are controlled by bottom-up and top-down mechanisms.
Bottom-up attention is mainly driven by salient features of the visual stimuli, such
as brightness, color, or motions, while top-down attention is driven by the teacher’s
task-related plans and goals (Gegenfurtner et al., 2011; Goldberg et al., 2020).
Professional experience can affect these task-related plans and goals as teachers are
likely to restructure their knowledge base throughout their professional
development. Teachers’ knowledge base includes practice-based cognitive schemas
that guide their actions during instruction (Boshuizen et al., 1995) and is a critical
top-down driver of teachers’ professional vision (Gegenfurtner et al., 2011; Seidel
& Stiirmer, 2014). Other prominent theories can also explain why professional
experience changes the way teachers see and notice events in the classroom. With
increasing experience, teachers encounter the same situations repeatedly and embed
this knowledge in their long-term memory. In this context, Ericsson and Kintsch
(1995) postulated in their long-term working memory theory that experts increase
their working memory capacity by building retrieval structures in long-term
memory. The embedded knowledge inside this retrieval structure is readily
available for use in the capacity-limited working memory and allows experts to
process more visual information and larger perceptual chunks. Furthermore, the
information reduction hypothesis (Haider & Frensch, 1996) posits that experienced
teachers learn to separate task-relevant from task-redundant information. The

outlined findings and theories can also be embedded in recent theoretical
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frameworks, such as the cognitive theory of visual expertise (CTVE; Gegenfurtner,
2020). This overarching framework allows for an understanding of why information
processing changes as expertise develops and incorporates many empirically-tested
theories about cognitive processes underlying visual information processing
(Ericsson & Kintsch, 1995; Haider & Frensch, 1996). Among other aspects, CTVE
assumes that experts have developed the capacity for parafoveal and holistic
information processing in the visual register, which allows experts to extend their
visual span (i.e., experts show longer saccadic amplitudes). Furthermore, experts
are better at selecting relevant information for a specific task and can actively ignore
task-irrelevant information (Gegenfurtner, 2020; Haider & Frensch, 1996).
Ignoring redundant information results in experts having more capacity in their
working memory to process relevant information. Furthermore, CTVE assumes that
prior knowledge—in terms of declarative, procedural, and metacognitive
knowledge—is associated with experts’ ability to notice relevant information or
cues, which are then selected or ignored (Gegenfurtner, 2020).

Taken together, the outlined theories and empirical studies show that
teachers develop and restructure their cognitive schemas (top-down processes) as
they gain experience, leading to different ways of perceiving and processing visual
information compared to less experienced teachers. However, the body of research
about teachers’ visual processes mainly focuses on average eye-tracking metrics
like the number of fixations. Such metrics are important for revealing how teachers
perceive their students during instruction but fail to capture the processual nature
of eye-tracking behavior. Therefore, looking more closely at the eye-tracking
sequence, so-called scanpaths, can provide rich information and overcome this

problem (McIntyre & Foulsham, 2018).

2.4.1 Analyzing (Teachers’) Scanpaths

Scanpaths represent the pattern of fixations and saccades constructed from
the path of eye movements over a specific time (Holmqvist et al., 2015) and reflect
the unfolding of visual attention, indicating exactly which contents of visual
information a human has attended to. The scanpath theory was defined by Noton
and Stark in two major publications (Noton & Stark, 1971a; Noton & Stark, 1971b)
and has become a highly-relevant theory for understanding human eye movements

and gaze patterns. Scanpath theory states that eye movements are generated in a
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top-down fashion to facilitate correct recognition of an image by comparing it to
prior experience. Individuals who view an image or a particular scene store both
the scene’s features and the gaze sequence with which they inspect the scene. Noton
and Stark hypothesized that individuals who recognize a previously viewed scene
follow a scanpath similar to the one that resulted from the initial viewing. In related
research and based on their study of human face recognition, Kanan et al. (2015)
presented a less strict version of scanpath theory called scanpath routines. This
adapted version of the original scanpath theory considers that individuals rarely
come across the same visual stimuli twice in real-world situations. Therefore, it is
more likely that individuals’ eye movements are similar between viewings of scenes
or images from the same stimulus class. In terms of the teaching profession,
repeated observation of students in the classroom could be considered as such a
stimulus class. Scanpath routines in a given stimulus class evolve to enable
enhanced visual processing (Kanan et al., 2015), for example, by filtering important
and unimportant information (Haider & Frensch, 1996).

Scanpath analyses have already been carried out in various professional
domains (e.g., medicine: O’Neill et al., 2011; art: Antes & Kristjanson, 1991; chess:
Charness et al., 2001) to analyze and compare the visual behavior of experts and
novices. However, in the literature on teachers’ perception, the analysis of
scanpaths has received very little attention and is limited to research on teachers’
classroom management skills (McIntyre & Foulsham, 2018). Using mobile eye-
tracking, MclIntyre and Foulsham (2018) found that experienced teachers
prioritized and ordered the way in which they scanned the classroom during
instruction. The authors found that experienced teachers followed a sequential
pattern of observation. For example, they found that experienced teachers observed
a particular student first and returned to the initial fixated student more regularly
after being distracted by another student. In contrast, novices did not routinely
return to the initially fixated student after a distraction and continued to observe
other students. This first demonstration that differences in teachers’ scanpaths are
related to expertise is essential to developing knowledge about perceptual
sequences in the teaching profession.

However, there is not yet a great deal of knowledge about how scanpaths and
gaze behavior are related to professional outcomes—such as teachers’ ability to

assess learning-relevant student characteristics. Yet, to get a sense of the extent to
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which experts’ enhanced visual processing affects a task’s outcome, it is worth
reviewing results from other research areas. For example, O’Neill et al. (2011)
explored physicians’ gaze behavior during optic disc examination and found that
expert physicians (glaucoma subspecialists) showed a more systematic and
circumferential scanpath pattern, which was related to higher diagnostic accuracy.
In contrast, novices’ (ophthalmology trainees) gaze patterns were more local, less
systematic, and lacked diagnostically-relevant features of the optic disc, which may
have been the cause of their less accurate diagnoses. In another study, Kasarskis et
al. (2001) demonstrated that experienced aircraft pilots had less complex scanpaths
and exhibited a well-defined visual scanning pattern during a landing task. The
experts omitted task-redundant instruments and focused only on the runway and
airspeed indicator. Experts were able to reduce complexity primarily by hiding task-
redundant instruments or regions, resulting in less complex scanpaths. Together, in
both of the studies briefly outlined here, experts’ enhanced visual processing
directly affected how well they performed the task at hand. Analyses of teachers’
scanpaths may also be valuable to identifying levels of expertise since they would
consider the sequential nature of eye movements. Scanpath analyses could provide
important information on how teachers perceive multiple students and the
systematic ways in which they compare diverse students or the extent to which they
consistently seek new information from individual students for the purposes of

assessment.
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3  The Present Research

This dissertation seeks to shed more light on the intra-individual relationship
of learning-relevant cognitive and motivational-affective student characteristics—
manifested in so-called student profiles—and to examine the cognitive processes
involved in the teacher’s professional task of assessing these complex student
profiles.

With this overarching aim, the dissertation encounters researchers’ increasing
interest in latent modeling using a person-centered approach (Seidel et al., 2016;
Stidkamp et al., 2018) and in exploring the cognitive processes associated with
teachers’ judgment formation (Loibl et al., 2020). First, the dissertation aims to
move beyond the limitations of previous person-centered research and offer a more
comprehensive look at student profiles across all three secondary school track levels
in Germany and the two domains of mathematics and German language arts.
Furthermore, the most up-to-date statistical method (BCH three-step approach;
Asparouhov & Muthén, 2014) was used to identify student profiles and validate
them statistically. This advanced understanding of student profiles was fundamental
to accomplishing the second objective of this dissertation—to analyze the process
of how teachers judge student profiles. To uncover differences in the process of
judgment formation, not only was modern eye-tracking used, but new techniques
derived from other research areas were also applied. Thus, this is the first work in
teacher research that has conducted more advanced scanpath analyses (i.e.,
examining scanpath complexity) during a teacher’s professional task of assessing
students. The two journal articles related to this dissertation and the research
questions examined herein are presented in more detail below.

Journal Article A. The focus of the first journal article was to uncover
student profiles following a person-centered approach (Lazarsfeld, 1957).
Therefore, the main goal was to replicate results from a study carried out in the
context of physics (Seidel, 2006) in the domains of mathematics and German
language arts. Moreover, to strengthen the generalization of student profiles, a
large, nationally representative sample of 10,025 ninth graders from all three main
secondary school tracks was used (Blossfeld & RoBbach, 2019). The present

research also provided an extensive validation of the resulting student profiles using
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the information on students’ socio-demographic variables (gender, migration
background, parental education level) as well as end-of-year grades for both
domains as educational outcome variables.

Finally, the journal article compared how students switched between student
profiles depending on the domain in question.

Altogether, the journal article addressed the following three research questions:

(1) Among secondary school students from different tracks, which student profiles
in (1a) mathematics and (1b) GLA can be systematically differentiated in terms
of cognitive and motivational-affective characteristics?

Identified student profiles were expected to range from overall positive
characteristics (strong) to a more challenging composition of student characteristics
(struggling). Inconsistent student profiles were also expected to vary between
students with low cognitive ability but high self-concept and interest
(overestimating) and vice versa (underestimating). There could also have been a
student profile with average cognitive and affective-motivational characteristics
(Seidel et al., 2016). Furthermore, student profiles derived from the mathematics
context were anticipated to more closely resemble those that emerged from the
physics classes (Seidel, 2006) because mathematics and physics are perceived as
being more closely-related domains and less similar to the verbal one (Goetz et al.,

2014).

(2) Isit possible to validate latent student profiles with regard to socio-demographic
factors and learning outcomes by using sub-profile analysis?

(2a) Gender. Do males and females differ in their student profiles?

(2b) Migration background. Do native students and students with a
migration background differ in their student profiles?

(2¢) School track. Are there differences in the student profiles of students
from different school tracks?

(2d) Parental education level. Are there differences in student profiles
between students depending on their parents’ educational level?

(2e) End-of-year Grade. Are there differences between student profiles in
their domain-specific end-of-year grades?
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The respective hypothesized relationships between the validation variables
and student profiles were presented in detail in the journal article (Kosel et al., 2020)
and will only be highlighted here briefly. Based on a large body of previous
research, it was first hypothesized that female students would be more likely to
underestimate their math ability but show a strong profile in GLA (OECD, 2016).
Male students were anticipated to show an overestimating profile in mathematics
and an average profile in GLA (Skaalvik & Skaalvik, 2004). Second, it was
assumed that students with a migration background would show a struggling or
overestimating profile in mathematics as well as in German language arts (OECD,
2016; Shajek et al., 2006). Third, it was hypothesized that students with stronger
(cognitive) characteristics should be more likely to be high school and middle
school students given Germany’s ability-tracked educational system (Baumert,
2006). Fourth, it was hypothesized that students of parents with lower educational
backgrounds would be more likely to be characterized by lower self-concept and/or
interest and moderate to low prior knowledge (Davis-Kean, 2005; Senler & Sungur,
2009). Finally, it was assumed that students with a consistently positive profile were
more likely to have received the best end-of-year grades than students with a

consistently weak profile.

(3) Do individual students have distinct latent profiles in mathematics and GLA?

The last research question was more explorative in character. Deduced from
theoretical considerations (e.g., Internal/External Frame of Reference Model,
Marsh, 1986), it was expected that more of the students would belong to different
profiles in mathematics and GLA, primarily due to domain-dependent differences
in motivational-affective characteristics. It was unclear whether there would be

systematic changes between student profiles if different domains were considered.

Journal Article B. The second journal article addressed cognitive processes
during teachers’ professional tasks of assessing complex student profiles. Eye-
tracking provides an appropriate method for understanding cognitive and ongoing
mental processes during different kinds of tasks. Because teaching is a visually
intense profession, there has been a growing interest in teachers’ eye-tracking data.

However, the current knowledge about teachers’ perceptual processes while
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assessing complex student profiles is limited (Schnitzler et al., 2020; Seidel et al.,
2020), and there are currently no studies available that have directly linked teachers’
visual behavior to their judgment accuracy. Therefore, the journal article aimed to
bridge this research gap and explored how eye-movement patterns (scanpaths)
differed across experienced and novice teachers, and whether a specific visual
behavior was related to higher judgment accuracy. In this context, it should be noted
that the main objective was to explore the process of judgment formation and not
to analyze which student profile was correctly assessed and which was not. This
was analyzed in another published paper, the main results of which are presented

therein detail (Schnitzler et al., 2020; Seidel et al., 2020).

Altogether, the journal article addressed the following three research

questions:

(1) Are teacher scanpaths (a) of an idiosyncratic nature and (b) more similar within
expertise groups?

First, it was investigated whether teachers’ scanpaths are idiosyncratic (as
described in the scanpath theory; Noton & Stark, 1971a; 1971b) in an assessment
situation. The results were expected to support the idea that teachers’ visual
perception is primarily a top-down process. It was therefore expected that (a)
teachers’ scanpaths would be significantly more similar within individual teachers
than between teachers. Second, if cognitive schemata indeed guide scanpaths in a
top-down process, then (b) scanpaths of individual experts were anticipated to be
more similar to scanpaths of other experts than to those of a group of novices, and
scanpaths of individual novices were expected to be more similar to those of other

novices.

(2) Do experts’ scanpaths include recurring sub-patterns—a consistent visual
strategy—that differ from recurring sub-patterns in novice scanpaths?

If experts’ scanning paths are more comparable within the group of experts
than the group of novices, then there may be specific patterns that indicate a visual
strategy of experts that differs from that of novices. Based on earlier evidence
demonstrating that experts spread their gaze more evenly across all students in the
classroom (van den Bogert et al., 2014), it was expected that this might be a first

indication that experts in the process of assessing students use a visual strategy that
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is more consistent across all students. In this context, Fiske et al. (1983) noted that
experts’ added capacities (see also the ideas behind the theory of the long-term
working memory; Ericsson & Kintsch, 1995) potentially frees them to process
additional relevant information, whereas novices cannot yet handle the amount of

information available, and might be cognitively overwhelmed.

(3) Is there (a) a relationship between teachers’ visual strategy and their judgment
accuracy, and (b) are there systematic differences between experts and novices?

Drawing on theoretical perspectives on teachers’ professional competencies
(Blomeke et al., 2015), professional vision, and visual expertise (Gegenfurtner et
al., 2011; Gegenfurtner, 2020), and considering the limited previous research (e.g.,
Schnitzler et al., 2020; Seidel et al., 2020), it was assumed that there is a relationship

between teachers' gaze behavior and their judgment accuracy of student profiles.
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4  Methodology

The present dissertation was embedded into the research project “Interaction
IT — Students through teacher eyes” founded by the German Research Foundation
(Grant No. SE1397/7-3), in which teachers’ assessments of student characteristics
and underlying perceptual processes were explored. The funders had no role in the
study’s design, data collection and analysis, the decision to publish, or preparation
of the dissertation or journal articles. In the following sections, samples and
methodological details of both journal articles are briefly outlined. Two
methodological features, latent profile analysis (Journal Article I) and scanpath
analysis (Journal Article II), will be described in more detail, as both approaches

are so far relatively unknown within the field of teacher research.

4.1 Journal Article I

4.1.1 Participants and data collection

The first journal article used data provided by the German National
Educational Panel Study (NEPS), a longitudinal study on educational trajectories
in Germany, following a multi-cohort sequence design (Blossfeld & RofBbach,
2019). The NEPS aims to collect longitudinal data on the development of
competencies, educational processes, and educational decisions across an
individual’s life span. The journal article used data from the NEPS starting cohort
four (SC4), which began to follow students in the ninth grade. The subsample
consisted of N = 10,025 ninth-graders with a mean age of M = 14.74 years (SD =
0.73). The study used information from the first waves of this longitudinal panel
study conducted in the 2010/2011 school year in Grade 9 (i.e., Wave 1, the first half
of the 2010/2011 school year, and Wave 2, the second half of the school year in
2011).

4.1.2 Measures

For the creation of latent student profiles, so-called indicator variables are
required. In the journal article, the chosen cognitive characteristics for latent profile
analysis were students’ cognitive abilities and pre-knowledge. Furthermore,
motivational-affective indicators were students’ interests and self-concept of

abilities. General cognitive abilities were measured with two tests (Haberkorn &
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Pohl, 2013) in the NEPS. To measure students’ perceptual speed, students were
required to match numbers with graphical symbols as quickly as possible.
Furthermore, in a matrices test (Raven Matrices; Raven, 1989), students’ reasoning
skills were assessed. Each matrix task consisted of several geometrical elements
arranged horizontally and vertically, whereby one field of the matrix remained free.
The students’ task was to derive the logical rules that the arrangement of the
geometric elements followed to fill the free field.

Students’ domain-specific pre-knowledge was assessed with competence
tests in mathematics (Duchhardt & Gerdes, 2013) and German language arts
(Haberkorn et al., 2012). For both tests, Weighted Maximum Likelihood Estimates
(WLE; Warm, 1989) were used. Moreover, both tests showed high reliability
(mathematics .79; GLA .75). Using WLE scores has the advantage that they
represent the best point estimator for the particular facet of knowledge (Rost, 2004).

Students’ domain-specific self-concept of ability in mathematics and GLA
was measured with one set of three items each (e.g., “In German, I am a hopeless
case.”). All items were scored on a four-point Likert scale, where higher scores
indicated higher self-concept in the particular domain (range: 1= “doesn’t apply at
all” to 4 = “completely applies”; internal consistency: o,.. = 0.87; .. = 0.86).

Furthermore, students’ domain-specific interest in mathematics and GLA was
measured with one set of four items each (e.g., “When I am working on a
mathematical problem, it may happen that I do not notice how time flies.”). Again,
all items were rated on a four-point Likert scale and averaged, with higher scores
indicating a higher interest (range: 1 = “doesn’t apply at all” to 4 = “completely

applies”; internal consistency: O, = 0.91; s = 0.86 ).

4.1.3 Data analysis

Latent profile analysis (LPA; Lazarsfeld, 1957; Lazarsfeld & Henry, 1968) is
a categorical latent variable approach that aims to identify latent subpopulations
within a sample based on a specific set of measured indicator variables. Thus, LPA
assumes that people can be classified into latent categories, called profiles, with
varying probability degrees. LPA offers many advantages in comparison to
traditional methods like cluster analysis or median split techniques. By contrast,
with these traditional methods, LPA results do not vary according to the retained

clustering algorithm (Muthén, 2004). Furthermore, LPA permits the simultaneous
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inclusion of several measurement scales (e.g., continuous and categorical) and the
direct inclusion of predictor variables in the models (Muthén & Muthén, 2007).
Finally, LPA permits the direct specification of alternative models that can be
compared with various model fit statistics.

In the journal article, LPA was performed using the statistical modeling
software Latent Gold 5.1 (Vermunt & Magidson, 2016) and R (R Core Team,
2020). As recommended by Asparouhov and Muthén (2014) and Vermunt (2010),
a three-step approach was followed.

First, models with one to ten profiles were estimated separately for
mathematics and GLA. The resulting profile solutions were compared using various
model fit statistics (AIC; Akaike, 1973, BIC; Schwarz, 1978, BRLT; McCutcheon,
1987, entropy; Celeux & Soromenho, 1996) to find the adequate number of profiles.
For example, the entropy measure is attributed to classification uncertainty (Celeux
& Soromenho, 1996). The uncertainty of classification is rather considerable when
the posterior probabilities are alike across profiles. The normalized version of
entropy, which has an interval scale [0, 1], is generally used as a model selection
criterion. This entropy measure suggests the level of separation between profiles.
When a value of normalized entropy is higher, it portrays a better fit; values > 0.80
reveal that latent profiles are rather discerning (Muthén & Muthén, 2015).

Second, once the appropriate profile solution was identified, each student was
assigned entirely to the latent profile to which they had the highest estimated
probability of belonging based on their values in the observed indicator variables
(Vermunt & Magidson, 2016).

Third, the association between latent profiles and covariates (socio-
demographic variables) and the distal learning outcome (end-of-year grade) were
analyzed. The three-step procedure’s significant advantage lies in this step, as the
resulting logistic regression coefficients are adjusted for the classification error
made in step one. Finally, the differences in the end-of-year grades across latent
profiles were tested for significance using the Wald test (Vermunt & Magidson,

2016). Figure 1 illustrates the full LPA model.
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Figure 2. Complete LPA model for mathematics and German language arts (published in Kosel et al., 2020)

4.2 Journal Article II

4.2.1 Participants and data collection

In the following described eye-tracking experiment, teachers watched an
authentic video of a classroom lesson and were subsequently asked to assess five
different students. High-quality eye-tracking data (Miackingratio = .94; average
deviation x-axis = .58°, y-axis = 57°) were available for 44 participants. Among
them were 35 novice teachers (female =60.5%) enrolled at the university level in a
bachelor’s teacher training program to become teachers in German high-track
secondary schools for science or mathematics. Furthermore, the sample included
nine in-service teachers (female = 70.5%) with an average teaching experience of
12.40 years (SD = 8.25) ranging from 1.5 to 25.0 years.

Eye movements were recorded using the static and laboratory-based
binocular eye tracker SMI RED 500 with Experiment Center 3.7 software
(SensoMotoric Instruments GmbH, 2017) on a 22-inch monitor and a sampling
frequency of 500 Hz. Eye-tracking conditions were standardized for all participants
(constant ceiling light, 65 cm distance to the eye tracker, use of a chin rest). In
addition, an automatic 9-point calibration followed by validation was performed
before the start of eye-tracking to ensure data quality. Calibration was performed

again if the 9-point automatic procedure failed.
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Experimental procedure. In a first step, participants were introduced to
learning-relevant cognitive and motivational-affective student characteristics (i.e.,
self-concept, pre-knowledge), as well as their complex interplay in student profiles
(Seidel, 2006). Next, participants viewed a 10-minute video of an eighth-grade
mathematics lesson showing 23 students. Participants watched the video twice and
were instructed to carefully observe the students in order to assign them to student
profiles (Seidel, 2006). In the second viewing, five critical students, each holding a
different profile (determined by a prior latent profile analysis; Seidel et al., 2016),
were marked throughout the video to ensure that participants were always aware of
which students to observe and assess. After participants had watched the video and
eye tracking had been recorded, the evaluation began, with participants assessing

the underlying student profile of each of the five marked students.

4.2.2 Measures

The following is a brief overview of the three central measures used in the
journal article.

Judgment accuracy. Participants’ judgment accuracy of student profiles
ranged between zero (no correct judgment) and five points (only correct
judgments). Participants received one point if the assigned profile matched the
underlying student profile and zero points if the incorrect student profile was
assigned. If a participant first assigned an incorrect profile but stated the correct
profile in their alternative choice, they received half a point. The points for each
correct assignment were added up so that a higher mean indicated higher judgment
accuracy.

String edit distance. To study the order of fixations (scanpaths) of different
Areas of Interest (AOI), a unique identifier was assigned to each AOI—in this case,
five different letters were chosen, one letter for each of the five marked students.
The order of fixation was thus translated into a string of characters, representing the
individuals’ scanpaths. In order to compare the scanpaths between individual
participants and between both expertise groups, Levenshtein distances (LDs;
Levenshtein, 1966) were calculated. Levenshtein distance is a string edit algorithm
applied to measure the dissimilarity of strings. In this technique, a sequence of basic
mathematical operations (delete, insert, or replace) is used to convert one sequence

of strings into another. The more similar two scanpaths are, the fewer mathematical
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operations need to be performed, and the lower the cost of converting one string to
another. Since it is a common practice to represent scanpaths as a sequence of
strings (Davies et al., 2016; Mathot et al., 2012; McIntyre & Foulsham, 2018), the
LD is suitable for comparing scanpaths.

Scanpath entropy. To capture and analyze the complexity of scanpaths,
Shannon’s entropy of information (Shannon, 1948) was used. The entropy of
information is grounded in information theory (Shannon, 1948) and measures the
information in a variable or system in terms of ordering and complexity. For
example, the entropy of a given control system (i.e., the human saccadic eye
movement system) is comparative to the amount of information necessary to
describe the behavior of that system. Therefore, the more information needed to
specify the system, the more complex the system is. The following example
illustrates the idea behind entropy: A simple coin flip with a fair coin is a situation
with maximum uncertainty (i.e., high complexity) (probability p(h) = probability
b(h)); it 1s difficult to predict the outcome of the coming coin flip. However, if the
coin is not fair and the probability p(h) is higher than b(h), where p # b, then there
is less uncertainty and consequently less complexity. In research about teachers’
attentional processes, the entropy of information can be used to describe teachers’
gaze distribution across multiple students or students and teaching-related objects
(e.g., aboard) (Mclntyre et al., 2017). For example, a high entropy occurs when the
teacher distributes their attention equally among many students, and, after fixing

upon one student, all other students have a similar probability of being looked at.

4.2.3 Data analysis

In order to obtain the scanpaths of the participants, some preparations had to
be made. First, five AOIs, each representing a target student, were drawn manually
using SMI BeGaze 3.4 (SensoMotoric Instruments GmbH, 2017). Scanpaths were
created for eight teaching events extracted from the 10-minute video sequence with
an average duration of 43 seconds. The scanpaths were generated for each of the
eight teaching events using the built-in saccade and fixation detector of SMI Begaze
3.4 (SensoMotoric Instruments GmbH, 2017). The raw eye-tracking data were then
converted into strings using the conversion application smi2ogama (Dolezalova &

Popelka, 2016). In this step, the fixation sequence was recoded into a sequence of
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strings representing fixation locations. Finally, multiple scanpaths were obtained as
strings (e.g., ABCDE) for each participant and the eight instruction events.
After the outlined preparations, the primary analyses were carried out. The
LDs were used to measure the similarity of scanpaths (a) of each participant
compared to other participants and (b) across the group of experienced and novice
teachers. LDs were calculated for all pairwise scanpaths using the R package
stringdist 0.9.5.5 (van der Loo, 2014). For statistical analyses of the various sets of
LDs, a repeated-measures ANOVA was performed. To identify visual strategies
and uncover how experienced and novice teachers differ in detail, the R package
GrpString 0.3.2 (Tang et al., 2018) was used. The function common sub-patterns
was used to uncover repetitive scanpath patterns within the data. Common sub-
patterns are defined as sequences within scanpaths that are found more than once,
with a minimum length of three characters (Tang et al., 2018). To investigate gaze
transitions, substrings with only two characters (i.e., gaze change from student A to
student B), transition matrices were computed. In the next step, participants’
scanpath complexity was analyzed using Shannons’ entropy score to measure the
complexity of scanpaths. Finally, multiple regression analysis was performed to
investigate the relationship between scanpath entropy, teachers’ judgment

accuracy, and expertise level.
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5 Summary of Publications

5.1 Journal Article I

The following is a summary of the journal article “Profiling secondary school
students in mathematics and German language arts using learning-relevant
cognitive and motivational-affective characteristics” (see Kosel, Wolter & Seidel,
2020).

Journal Article I aimed to profile secondary school students based on their
learning-relevant cognitive and motivational-affective student characteristics.
Students’ cognitive abilities, pre-knowledge, self-concept, and interest were
identified as student characteristics that are fundamental to explaining academic
achievement and were used as indicator variables for LPA. The LPA results for
mathematics and GLA revealed five distinct profiles in both domains. In
mathematics, two consistent (strong and struggling) and three inconsistent
(underestimating, overestimating, and average-uninterested) student profiles were
identified. The results of the LPA for GLA indicated three consistent (strong,
struggling [motivational], and struggling [cognitive]) and two inconsistent
(overestimating, underestimating) student profiles. The underestimating student
profile was most frequently identified in both domains (31.3% mathematics and
35.3% GLA). Central results from the validation analyses were as follows: It could
be shown that girls, compared to boys, had a higher chance of being profiled as
underestimating students in mathematics, whereas the chance of girls being profiled
as strong in GLA was higher than for boys. Furthermore, results indicated that
students with a migration background, compared to peers without a migration
background, had a higher probability of being profiled as struggling in both
domains. In both domains, students with a migration background suffered mainly
from reduced subject-specific self-concept and interest. When the school track level
was taken into account, the results showed that almost half of the students from the
highest school track had low subject-specific self-concept and interest but had good
cognitive prerequisites. Students from the basic school track had higher chances of
falling into one of the more problematic student profiles (e.g., struggling). The
parental educational level also had a significant impact on student profiles. It was

found that students” whose family educational backgrounds were high also had a
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higher chance of being profiled as strong students. This relationship was found for
mathematics as well as for GLA. Finally, when looking at the learning outcome
(end-of-year grade), the results showed that students who were profiled as strong
received the highest end-of-year grades in both domains. The third research
question examined the extent to which students showed different profiles in
mathematics and GLA. The results showed that students tended to show different
profiles in the domains, except for those profiled as underestimating students—
almost one-fifth of all students showed this pattern in both domains. Taken together,
the results support findings from previous person-centered research that also
identified consistent as well as inconsistent student profiles (Seidel, 2006; Seidel et

al., 2016; Suidkamp et al., 2018).

5.2 Journal Article 11

The following is a summary of the journal article “Identifying Expert and
Novice Visual Scanpath Patterns and Their Relationship to Assessing Learning-
Relevant Student Characteristics” (see Kosel et al., 2021).

Journal Article II addressed teachers’ judgment formation process during a
teachers’ task of assessing student profiles. The way in which eye-movement
patterns (scanpaths) differed across novice and expert teachers was explored. In an
eye-tracking experiment, teachers watched an authentic video of a mathematic
lesson showing 23 students and were subsequently asked to assess five of these
students and their underlying student profiles. In order to analyze teachers’ gaze
patterns, scanpaths were extracted and then compared qualitatively (common sub-
patterns) and quantitatively (scanpath entropy) between novices and experts.
Finally, whether or not specific scanpaths patterns are related to judgment accuracy
was explored. First, the repeated measures ANOVA results revealed that teachers’
scanpaths are idiosyncratic. This finding indicates that the different scanpath
patterns were more similar within a teacher than between teachers, thus supporting
original assumptions of the scanpath theory (Noton & Stark, 1971a;b). Second, the
results show that scanpath patterns were more similar within expertise groupings,
indicating that teachers’ professional knowledge affected how they monitored the
five students in a top-down process. Qualitative sub-pattern analyses revealed

systematic differences between the scanpath patterns of experts and novices.
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Experts’ visual behavior maintained up-to-date information on the students by
monitoring all of them more regularly. In contrast, novices made frequent
transitions between just two students. The experts’ visual behavior also resulted in
more complex scanpaths (higher entropy) than that of novices. The results of
regression analysis demonstrated that experts’ visual behavior was statistically
related to higher judgment accuracy. The more teachers followed the “expert-like”
visual strategy (more complex scanpaths), the better their judgment of the five
student profiles. However, the overall judgment accuracy of experts was not

significantly higher compared to that of novices.
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6 General Discussion

In this chapter, four principal findings of the dissertation are reflected,
discussed, and related to other research works. Moreover, the most critical
limitations of this dissertation will be identified, and further implications for

practice and research proposed.

6.1 Discussion of Central Results

6.1.1 Principal Finding 1: Comparable Student Profiles Found in

Mathematics and German Language Arts

First, the thesis aims to identify cognitive and motivational-affective student
profiles composed of students’ information about their cognitive abilities, pre-
knowledge, self-concept, and interests. In mathematics and GLA, the model
solutions with five student profiles achieved the best fitting result. In mathematics,
two consistent (strong and struggling) and three inconsistent (underestimating,
overestimating, and average-uninterested) student profiles were identified. The
five-profile solution for mathematics was remarkably similar to an earlier study in
physics instruction (Seidel, 2006), which is reasonable because mathematics and
physics are domains associated with the STEM (science, technology, engineering,
mathematics) field and were, for example, perceived by students as two rather
challenging domains (Goetz et al., 2014). Therefore, student profiles that represent
students who suffer from low self-concept in these two areas are plausible. This
makes the finding that student profiles for GLA are comparable with student
profiles found in mathematics all the more compelling. The results of the LPA for
GLA indicated three consistent (strong, struggling [motivational], and struggling
[cognitive]) and two inconsistent (overestimating, underestimating) student
profiles. Students being further classified by virtue of deficient cognitive
performance or low motivation notwithstanding, the student profiles are
comparable in terms of their internal structure. Thus, the first principal finding of
this thesis is that the configuration of the cognitive and motivational-affective
characteristics in most students can be described by patterns that show either high,
low, and mixed values in the respective set of cognitive and motivational-affective

characteristics, but there are very few students (average-uninterested) who have
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contradictory and fragmented information within cognitive or motivational-
affective characteristics. For example, no students were identified in mathematics
and GLA as having low cognitive abilities but high pre-knowledge.

Overall, two facts strengthen the generalizability and robustness of the
student profiles identified in this study: the fact that both cognitive and
motivational-affective characteristics did not further subdivide the profiles, and the
fact that the results back up results of previous studies in physics, for example

(Seidel, 2006), that used similar indicator variables.

6.1.2 Principal Finding 2: High number of underestimating students

The second principal finding of this thesis was that the underestimating
student profile was most frequently identified in both domains (31.3% mathematics
and 35.3% GLA). High cognitive ability and good pre-knowledge do not correlate
with high self-concept of ability and interest in underestimating students. This
substantiates previous findings in the literature (Seidel, 2006; Siidkamp et al.,
2018). However, this thesis goes beyond previous research by showing that the
underestimating student profile was (a) the most stable student profile across
mathematics and GLA when individual switching patterns were examined (16.8%
of all students underestimating themselves in both domains), and (b) found in nearly
half of the students from the highest school track level. In terms of finding (a), it
seems plausible that many students equally underestimate their abilities within the
STEM cluster (i.e., mathematics and physics); however, it was somewhat
unexpected that the number of underestimating students was even high in GLA and
that many students showed an underestimating profile in both domains. It is
plausible to assume that these students may have distanced themselves from school
across domains or generally carry low school-related self-esteem, which carries
over to these underestimating cross-domain profiles (Huber et al., 2015; Huber
& Seidel, 2018). Regarding finding (b), the “big-fish-little-pond effect” (Marsh et
al., 2008) could be a meaningful interpretation for this finding. In light of this effect,
students in higher school tracks demonstrated lower self-concept due to a higher-
performing environment than students in basic school tracks with a lower
performing environment, mainly due to social comparison with their peers. This
effect is even more likely because this study showed that only a small percentage

of students in higher school tracks had a struggling profile in mathematics or GLA.
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6.1.3 Principal Finding 3: Teachers’ Scanpath are Idiosyncratic and

Influenced by Expertise

The second overarching aim of the present dissertation is to contribute to
knowledge about cognitive processes underlying teachers’ assessments of student
profiles. Therefore, gaze patterns were analyzed in order to understand the process
of judgment formation. A third principal finding of this thesis was that the
participating teachers observed the video sequence in their own manner. The
extracted and analyzed scanpaths were consistently most similar within a teacher
than between teachers. This result ties in well with previous research across diverse
disciplines like face recognition research (Kanan et al., 2015) or imagery (Foulsham
et al., 2012). Therefore, the dissertation confirmed the original descriptions of the
scanpath theory (Noton & Stark, 1971a; b) and extended the literature by showing
that top-down processes (i.e., knowledge and schemata-driven gaze) seemed to
primarily guide teachers’ attention during the observation of the video sequence.

Furthermore, the finding outlined above was a necessary condition for the
second finding—it was demonstrated that teachers’ scanpaths were more similar to
other teachers with the same expertise. Because cognitive schemas primarily guide
gaze in a top-down process, the finding suggests that experts’ cognitive schemas
change over the course of professional experience and tend to converge in a
professionally-shared cognitive schema within the group of experts, in contrast to
the cognitive schemas of the group of novice teachers. This principal finding goes
beyond previous reports on teachers’ visual expertise (Gegenfurtner et al., 2011;
van den Bogert et al., 2014) by showing that not only do averaged eye-tracking
metrics change as expertise develops, but also that the underlying structure of the
gaze—the way teachers order their eye movements—changes. Therefore, the
principal finding of this thesis regarding teachers’ visual expertise ties in with prior
research of teacher scanpaths (MclIntyre & Foulsham, 2018).

This dissertation seeks to go a step further and determine how eye movement
patterns differed exactly. The qualitative sub-patterns analysis revealed that
experienced teachers’ most identified and recurring sub-patterns covered more
individual students (i.e., four students) than those of novices (i.e., two students).
Consequently, the experts’ visual strategy kept the information about the target
students up-to-date by monitoring all students more regularly. In contrast, the

novices’ sub-pattern analysis revealed a distinct visual strategy, as they made
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repetitive transitions between only two students. This result now provides new
evidence supporting assumptions of the CTVE (Gegenfurtner, 2020); in the light of
this model, the outlined findings might indicate that the experienced teachers from
this study were able to process more and longer visual chunks and, therefore, were
better at monitoring multiple students. Furthermore, experts might have quickly
noticed what was relevant in a specific situation and observed more students
because of their faster information encoding skills. Due to their advanced memory
structures and extra capacities in the working memory, experts’ also included more
judgment-relevant information from each of the students; novices, however, had to
reduce the amount of incoming information to only two students. However, the
results can be interpreted in light of other eye-tracking studies showing that experts
were more engaged in revisits, which is a strong indication of monitoring activities
(Wolff et al., 2015). The authors interpreted their finding to mean that experienced
teachers also looked for activity between students and tracked behavioral
movements. The results also tie in with another study by van den Bogert et al.
(2014), which found a positive relationship between scanpath length (interpreted
based on broader monitoring behavior of experts) and level of expertise. Tan (1996)
similarly reported that experienced teachers were aware of a more significant
number of student behavior (cues) than novice teachers during physical education
lessons.

Furthermore, the finding can also be linked to and interpreted in terms of
relevant teacher judgment models and dual-process theories (Croskerry, 2009;
Fiske et al., 1999). In light of dual-process theories, the novices’ visual behavior
may indicate that they could not collect and combine all critical cues and that they
did not yet have stored chunked knowledge in their memory. This may indicate that
System 2 was more engaged in novices. On the contrary, experts were able to make
mental shortcuts by identifying critical cues of a specific student, combining these
critical cues, and making an initial judgment. In this case, the more automated
System 1 was engaged. Experts might know more about the validity of the collected
cues (i.e., whether the identified cue is related to the target characteristic or multiple
characteristics) and weighted their cues according to their knowledge about the
validity (Croskerry, 2009). As a result, experts may have then been able to process
holistically and had more time to monitor all students, make comparisons between

them, and re-adjust their judgment until they terminated the search for cues—
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ultimately finding a satisfying solution. In contrast, novices could not take mental
shortcuts, and a more systematic and non-intuitive search strategy was required in
which fewer students may have played a role.

Based on this principal finding, the question arose as to which strategy was

more successful in assessing students and their underlying characteristic profiles.

6.1.4 Principal Finding 4: More Complex Scanpaths were Associated with

Higher Judgment Accuracy

The visual strategy first had to be quantified with a suitable measure to
analyze the relationship between different visual strategies (scanpaths) and the
accuracy with which teachers judged student profiles. Teachers’ visual strategies
were quantified using Shannon’s entropy (Shannon, 1948), wherein higher entropy
values display more complexity. In this context, more complexity indicates that a
teacher distributes their attention equally across all relevant students (AOIs) and
when, after fixing upon one student, all the other students have the same probability
of being looked at. On the contrary, less complexity could signal less monitoring of
the group of students due to over- or under-focusing on some specific students. In
the context of judgment accuracy, it was found that experts were more accurate in
judging students and their underlying student characteristic profiles, but this
difference did not reach statistical significance. However, with the focus on visual
processes, experts’ gaze patterns were more complex in comparison to those of
novices. The experts’ significantly higher entropy values suggest that they observed
each student with a more constant frequency and transferred their gaze between all
possible combinations of students with approximately equal frequency. However,
this dissertation’s fourth principal finding is that more complex scanpaths were
associated with higher judgment accuracy of student profiles. The more a teacher
followed an “expert-like” strategy (in the form of complex visual behavior), the
better their judgment of student profiles.

The open question that remains to be discussed is, why was the “expert-like”
strategy more successful? Evidence from research about human perception
indicates that higher entropy indicates a perceivers’ interest in a more detailed
exploration of a scene (Krishna et al., 2018; Shic et al., 2008). In their
comprehensive review, Shiferaw et al. (2019) found that gaze entropy can be used

to measure visual scanning efficiency and that entropy increases relative to scene
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complexity and with more top-down processing. Because experts tend to mainly
control fop-down while novices are more subject to bottom-up cognitive processes
(Hershler & Hochstein, 2009), experts’ higher gaze entropy may reflect their
advanced top-down processing mainly driven by task-related plans, scripts, and
schemata derived from their professional knowledge (Gegenfurtner et al., 2011;
Gegenfurtner, 2020; Goldberg et al., 2020). Therefore, their strategy to include
more of the target students in their recurring scanpaths was more successful. The
question of how judgments depend on how attention is distributed among diverse
students is only partially understood. Dessus et al. (2016), for example, found that
novice teachers faced a higher cognitive load compared to experts, and that the
number of students that they were able to observe was related to the level of
experience. Their findings showed that experienced teachers were able to scan a
larger group of students and had a more comprehensive monitoring scheme that
allowed them to gather more fine-grained information about their students. In
another study, Karst and Bonefeld (2020) used a simulated classroom setting and
teachers’ click frequency (more clicks indicated that the teacher was gathering more
information) as an indicator of attention allocation, and found that teachers judged
an isolated student within a group of students better when they paid more attention
(more clicks) to that particular student. However, teachers’ overall judgment
accuracy increased when teachers distributed their attention more evenly across all
students.

However, while the thesis showed that higher complexity (high entropy) of
teachers’ scanpath patterns tended to contribute to the more accurate assessment of
underlying student profiles, previous literature has also reported rather opposite
results. For example, Kasarskis et al. (2001) demonstrated that experienced airplane
pilots had lower entropy during scans of aircraft instruments, and exhibited a
clearly-defined visual scanning pattern during a landing task, resulting in a better
task outcome. Similarly, Di Stasi et al. (2016) found that gaze complexity decreased
with increasing task complexity among helicopter pilots. However, pilots have a
significant advantage over teachers in this context, as pilots can actively reduce
complexity by hiding task-redundant instruments or regions. Aircraft instruments
are static, standardized, and prioritized in importance (Brams et al., 2018), while

teachers are typically instructed to monitor all of their students equally.

General Discussion | 39



6.2 Implications for Teacher Education

This dissertation’s findings are of practical relevance and have implications
for teacher education and professional development. First, this work contributes
additional empirical evidence of the richness of intra-individual differences in
cognitive and motivational-affective characteristics, highlighting, in particular, the
prevalence of inconsistencies, which can be mentioned along with the findings of
Seidel (2006) or Linnenbring-Garica et al. (2012). Identifying replicable types of
student profiles allows teachers to understand the strengths and weaknesses of
different subgroups of students and subsequently design interventions that address
their specific needs. For example, students with an underestimating profile are
unlikely to improve positively when focusing on their cognitive skills, as their
profile suggests that the problems lie in motivational deficits. Therefore,
interventions should focus primarily on motivational training. In this context, by
making pedagogical adjustments to their instruction (e.g., avoiding criticism or
emphasizing the positive) or by reflecting on their feedback in terms of classroom
reference norms (Koller, 2004) (e.g., focusing on temporal frames of comparison
and reflecting on their feedback to avoid social comparison processes), teachers can
help increase students’ interest and improve their self-concept.

Furthermore, it is alarming that research on teachers’ judgment accuracy of
educationally-relevant student characteristics has continuously revealed that
teachers perceive only consistent profiles and ignore students with inconsistent ones
(Huber & Seidel, 2018; Siidkamp et al., 2018). For teachers, these inconsistent
profiles are meaningful and quite likely to be present in every classroom. Therefore,
the results of this thesis can be used to raise teachers’ awareness of the existence of
students with inconsistent profiles. For example, teacher education programs can
promote student teachers’ declarative knowledge with respect to educationally-
relevant student characteristics, as well as their intra-individual combination
manifested in consistent and inconsistent student profiles; fostering this knowledge
might improve teachers’ judgment accuracy in this area.

Moreover, as outlined in this thesis theory section, teachers need to observe
and notice student behavioral cues that provide diagnostically-relevant information
about students’ cognitive and motivational-affective characteristics to make

accurate judgments. In this thesis, teachers who could see like an expert had a higher
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judgment accuracy than those who could not follow the experts’ visual strategy. It
was argued that experts’ visual behavior might be indicative of their knowledge-
driven observation and rapid information processing skills. Knowledge about
experts’ visual expertise might be meaningful for novice teachers. In this sense,
novices could use recordings of expert teachers’ gazes as a model for learning
effective attention allocation (van Gog et al., 2009), just as the gaze of experienced
surgeons is used to train and inform trainee surgeons (Khan et al., 2012). Hence,
novices may learn effective strategies for allocating attention by adopting the gaze

of experienced teachers.

6.3 Limitations and Further Research

Numerous limitations should be considered when interpreting the
dissertations’ findings. In terms of the first study associated with the thesis, the
identified student profiles included only information from secondary school
students in grade 9, and the article did not provide a longitudinal perspective on the
temporal stability of student profiles. Future research would benefit from including
multiple consecutive measurement time points to more deeply capture students’
cognitive and motivational-affective changes—and thus membership in various
student profiles—over time. In addition, further research should explore the
underestimating profile—the student profile most frequently identified in
mathematics and GLA—in more detail by including additional domains or
covariates that might be predictive of this specific underestimation configuration
(e.g., general school self-concept). It is plausible to assume that these students may
have distanced themselves from school across domains or incorporated low school-
related self-esteem in general, which carries over to these underestimating domain-
general profiles.

In terms of the second study associated with the thesis, teachers’ gazes were
examined while watching a video, which is not the same as monitoring teachers’
visual attention while they are actually teaching. For example, teachers are required
to be more acutely aware of their surroundings in real-life teaching situations than
when observing a video sequence. Future research might try to replicate the thesis
findings using mobile eye-tracking to study teachers’ scanpath patterns during real-

life teaching. In this context, it is essential to note that the eye-tracking experiment
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had no variation in the visual stimulus (authentic classroom video). Although the
selected video has been judged to be very authentic in a piloting study, the findings
may be explicitly related to the chosen video footage. Further research should
address this issue and support the findings with different video sequences.
Furthermore, an event-based scanpath comparison method was used to identify
differences and similarities between experts and novices. Therefore, it did not
account for the amount of time a teacher spent at each AOI, which should be
considered in future research. The differences in scanpath similarity could be even
more significant if fixation time were taken into account, as previous research has
repeatedly shown that experts process information more quickly than novices
(Gegenfurtner et al., 2011). Also, scanpath length might play a vital role in better
understanding experts’ scanpaths (van den Bogert et al., 2014). Furthermore, the
analyses showed that expert and novice teachers differed in their visual behavior,
but little knowledge is available about how they differed in their interpretation of
what they saw. Future research should focus on a more extensive pairing of eye-
tracking and think-aloud protocols or subjective reports. Combining multiple data

streams can increase knowledge about which student cues teachers have noticed.

6.4 Conclusion

This dissertation provides further empirical evidence of individual
differences among students in terms of their learning-related characteristics along
with diversity and commonness within these characteristics. By considering four
essential  educationally-relevant ~ cognitive  and  motivational-affective
characteristics for latent profiling, this work uncovered four domain-generalizable
student profiles that teachers face in their everyday teaching: Students who have a)
high overall, b) low overall, ¢) high cognitive but low motivational-affective, and
d) low cognitive but high motivational-affective characteristics. Furthermore, this
thesis revealed that teachers differ in their perceptional processes when observing
students in order to make inferences about underlying student profiles. It adds to
prior knowledge about teachers’ professional vision the fact that teachers’ gaze
patterns during observation vary with respect to their professional experience.
Experienced teachers were more able to continuously monitor a larger group of

students in comparison to novice teachers. The distribution of attention among
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several students and the concomitant collection of judgment-relevant informative
cues was related to a higher judgment accuracy of student profiles. Altogether, this
thesis has presented important fundamentals that could be relevant to subsequent

research as well as for teacher education.
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