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a b s t r a c t

Teachers need to continuously monitor students’ engagement in classrooms, but novice teachers have
difficulties paying attention to individual behavioral cues in all learners. To investigate these interaction
processes in more detail, we re-analyzed eye-tracking data from preservice teachers teaching simulated
learners who engaged in different behaviors (Stürmer, Seidel, Müller, H€ausler, & Cortina, 2017). With a
new methodological approach, we synchronized the data with a continuous annotation of observable
student behavior and conducted time series analysis on 3646 s of video material. Results indicate that
novice teachers’ attention is attracted most often when learners show (inter)active learning-related
behavior.
© 2020 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

A teacher’s ability to provide students with sufficient learning
time, engage all students in active learning processes, and elicit
their cooperation comprise crucial prerequisites for enhancing
students’ achievement (Emmer & Stough, 2001). To manage the
classroom successfully and provide appealing learning environ-
ments, teachers must direct their attention to relevant information
and continually monitor students’ learning (Wolff, Jarodzka, van
en.de (P. Goldberg), jakob.
.seidel@tum.de (T. Seidel),
r), kathleen.stuermer@uni-
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den Bogert, & Boshuizen, 2016). Therefore, they must detect vi-
sual cues in students’ behavior that indicate how learners pay
attention and how engaged they are in learning content (Goldberg
et al., 2019). When teachers are able to notice and identify a lack of
engagement in students, they can adapt their teaching methods
accordingly to encourage their students to actively engage with the
learning content. However, novice teachers in particular have dif-
ficulties overseeing and distributing their attention evenly across
learners (Stürmer et al., 2017; Cortina, Miller, McKenzie, & Epstein,
2015). It is assumed that they are often guided by conspicuous cues
rather than an ability to monitor the classroom adequately (Wolff
et al., 2016). Whereas experienced teachers observe more and
notice more subtle cues compared to inexperienced teachers (e.g.,
Berliner et al., 1988; Carter, Cushing, Sabers, Stein, & Berliner, 1988;
Sabers, Cushing, & Berliner, 1991), novice teachers are seen as
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lacking the required knowledge base that guides a professional
view over the classroom (Berliner, 2001).

This is in line with research findings on teachers’ professional
vision, a concept that describes a teacher’s ability to notice and
interpret relevant features of classroom events for student learning
(Goodwin, 1994; Sherin, 2007; van Es & Sherin, 2002). Professional
vision is viewed as an indicator of knowledge representations that
aid the preparation of effective teaching action (Kersting, Givvin,
Thompson, Santagata, & Stigler, 2012; Sherin, 2007). When it
comes to noticing relevant features, previous findings indicate that
novice teachers have difficulties identifying relevant cues for
teaching and learning during classroom interactions while
observing videotaped classroom situations (e.g., Santagata,
Zannoni, & Stigler, 2007; van den Bogert, van Bruggen, Kostons, &
Jochems, 2014; Wolff et al., 2016). However, extant research also
shows that novice teachers can improve this ability as part of
teacher training (e.g., Sherin & van Es, 2002; Star & Strickland,
2008). In this vein, it is assumed that the underlying professional
knowledge structures develop over time (Stürmer et al., 2017).
Grossman et al. (2009) point out that learning to recognize relevant
elements of practice comprises a crucial part of professional
development, a conclusion further supported by results from
expertise research indicating that regardless of the domain in
question, experts have developed attentional skills that allow them
to process visual information more effectively than novices
(Jarodzka, Scheiter, Gerjets, & Van Gog, 2010). However, extant
research on the development of teachers’ ability to notice relevant
cues in the classroom while teaching (i.e., in-action) remains
limited. Classroom instruction is based on teacher-student inter-
action processes characterized by their simultaneity, multidimen-
sionality, and immediacy (Doyle, 1986). Investigating processes
related to noticing while teaching poses additional challenges
compared to assessments in which novice teachers observe vid-
eotaped classroom situations (i.e., research on-action). However,
identifying the engagement-related cues in student behavior that
preservice teachers are able to recognize while teaching and those
they do not might further improve teacher training.

In the current study, we explore novice teachers’ attentional
focus during instruction and aim to uncover properties of visual
cues in students’ behavior on which teachers fixate. To systemati-
cally assess how behavioral cues influence novice teachers’ atten-
tional focus, comparable conditions across participants are
necessary. Therefore, we based our analysis on a standardized
experimental setting with videos conducted by Stürmer et al.
(2017) and synchronized already-existing mobile eye-tracking
data from preservice teachers with a continuous annotation of
learners’ behavior. Deploying continuous annotation gave us a
unique opportunity to analyze teacher-student interactions during
instruction and investigate what kind of behavior attracts novice
teachers’ attention.

2. Theoretical background

Kounin (1970) identified teachers’ ability to remain aware of
what is going on in the classroom (withitness) as associated with
student work involvement. Maintaining a functional overview is
necessary to provide sufficient learning time, engage all students in
active learning processes, and elicit their cooperation in creating a
learning environment that enables all students to engage in rele-
vant cognitive processes (Emmer & Stough, 2001). Teachers must
engage inmany cognitive activities to guide their students’ learning
(Duffy, Miller, Parsons, & Meloth, 2009). The development of so-
called curriculum scripts facilitates the recognition of meaningful
patterns in the classroom, which in turn enables teachers to
improve their interactions with students (Putnam, 1987). Thus, as
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part of their expertise development, teachers need to integrate
isolated knowledge structures and learn how to notice relevant
cues and indicators, such as those that point out struggling students
(Lachner, Jarodzka, & Nückles, 2016; Thiede et al., 2015).
2.1. Students’ behavior as cues for teachers’ attentional processes

When students engage in learning-relevant activities, some
aspects of their cognitive processes are likely to be observable from
the outside. For example, Posner (1988) demonstrated that visual
orientation toward a certain stimulus improves processing effi-
ciency. Thus, when a teacher is explaining classroom content and a
student is listening, he or she might be more likely to turn and face
the person speaking in order to better process the relevant infor-
mation. This kind of student behavior, which can be described as
external and observable activity, is viewed as an important element
of the larger, multi-dimensional construct of student engagement
(Fredricks, Blumenfeld, & Paris, 2004), as well as one of the key
elements of learning and academic success. Three types of
engagement have been defined: cognitive, emotional, and behav-
ioral (Fredricks et al., 2004). While psychological investment in
learning (cognitive component) and affective reactions to class-
room situations (emotional component) are more internal pro-
cesses, the behavioral component is observable. Concentration,
attention, asking questions, and contributing to class discussions
are activities that are already known to signal certain learning-
related processes and become observable in students’ behavior to
some extent (Fredricks et al., 2004). As the three components are
highly interrelated and do not occur in isolation, students’ overt
behavior can provide visible indicators of whether they are engaged
in appropriate learning-related processes, which are in turn an
important determinant of academic achievement (Lahaderne,
1968; McKinney, Mason, Perkerson, & Clifford, 1975). Previous
research has found correlations between students’ behavioral
engagement and academic achievement (Lei, Cui, & Zhou, 2018), as
well as between students’ attention-related behavior and
achievement (Helmke & Renkl, 1992; Hommel, 2012; Karweit &
Slavin, 1981; Stipek, 2002). Opposing results finding no relation
to achievement (e.g., Pauli & Lipowsky, 2007) might be due to the
applied survey method (self-reports vs. observer ratings) and a
restricted focus on certain facets of learning-related behavior. For
example, measuring only active on-task behavior (Lipowsky,
Rakoczy, Pauli, Reusser, & Klieme, 2007), without considering off-
task behavior, does not account for the broad behavioral spec-
trum that students might demonstrate during classroom instruc-
tion, and thus does not allow for detection of possible effects of
other kinds of behavior.

The challenge for teachers lies in noticing behavioral cues that
are relevant for inferring individual students’ needs. However,
interpreting student behavior is not always straightforward and
depends on both students’ learning activities and their individual
prerequisites. Learners can differ in their learning-related behavior,
but still all be engaged in a certain task. Simultaneously, a lack of
certain behaviors can pinpoint a student who is distracted or whose
mind is wandering. Therefore, students’ learning-related behavior
differs with respect to the learning activities in which they are
engaged (Chi&Wylie, 2014). For example, previous research shows
that high-achieving students typically engage more verbally than
low-achieving students (e.g., Kelly, 2008; Sacher, 1995), and stu-
dents with stronger beliefs in their own competence participate
more often in classroom discussions than less-confident students
(B€oheim, Knogler, Kosel, & Seidel, 2020; Pauli & Lipowsky, 2007).
Additionally, profiles based on students’ general cognitive abilities,
acquired knowledge in subject domains, interest, and subject-
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related self-concept (Seidel, 2006) can predict students’ verbal
participation (Jurik, Gr€oschner, & Seidel, 2013). Thus, the interplay
between cognitive and motivational-affective prerequisites affects
observable student behavior in teacher-student interactions.
However, as previously mentioned, students’ activities fall across a
broad behavioral spectrum. Depending on their individual pre-
requisites, some students might display rather salient and active
behavior, such as participation in classroom discussions or dis-
ruptions, whereas other students might remain unobtrusive and
passive (Seidel, Schnitzler, Kosel, Stürmer, & Holzberger, 2020).
Salient behavior is easier to observe, and teachers might have fewer
difficulties inferring cognitive processes in more active students
compared to quieter students with more subtle actions, even
though the latter group might actually need the teacher’s attention
because they are struggling. Therefore, it is important that teachers
not only react to salient student behavior, but also notice subtle
cues that indicate problems and obstacles. Additionally, it is crucial
that teachers are able not only to differentiate between attentive
and non-attentive students, but also to determine the underlying
cause of inattention (e.g., not interested vs. struggling; Seidel et al.,
2020).
2.2. Measuring teachers’ attention

To design effective teaching, teachers need to develop profes-
sional vision skills that allow them to identify important events and
cues during teacher-student interactions (van Es & Sherin, 2002).
However, previous research indicates that the required knowledge
base is not yet present in novice teachers, but rather develops over
time (Berliner, 2001). Novice teachers have been shown to have
problems noticing relevant aspects of classroom instruction
compared to more experienced teachers. For example, early
research has demonstrated that expert teachers are better at
noticing subtle differences in instructional strategies (Sabers et al.,
1991) and that novices have difficulties focusing on students’ ac-
tions (Carter et al., 1988). Following Blomberg, Stürmer, & Seidel
(2011), noticing describes teachers’ ability to pay attention to
important aspects in complex classroom environments. Tomeasure
teachers’ noticing ability, video prompts (Seidel & Stürmer, 2014;
Stürmer & Seidel, 2015), questionnaires (Steffensky, Gold,
Holodynski, & M€oller, 2015), and/or qualitative analysis of open
questions (Kersting, 2008; van Es & Sherin, 2008) are deployed.
However, using such non-physical measurements only can provide
limited information on teachers’ attentional focus, as these pro-
cesses might happen rather unconsciously. Using attentional skills
as an indicator of expertise, eye-tracking technology already has
been used to study professional vision in various domains. The
specialized way that members of a professional group view a scene
of interest has been shown to be domain-independent and con-
nected to expertise level. Due to their well-organized and struc-
tured schemata of concepts (Chi, Glaser, & Rees, 1982), experts
possess attentional skills that allow them to focus on relevant
rather than irrelevant visual information (Jarodzka et al., 2010). For
example, experts were shown to fixate more often on relevant
rather than irrelevant areas during chess games (Charness,
Reingold, Pomplun, & Stampe, 2001). When viewing dynamic
stimuli, experts exhibit longer, but fewer, fixations on relevant
areas, indicating that experts might exhibit more selective search
strategies because they know the visual cues that provide impor-
tant information (Moreno, Reina, Luis, & Sabido, 2002). As these
studies indicate, experts and novices differ in how they view
certain situations and how they perceive visual information. Thus,
teachers’ visual perception can also provide important insights into
their ability to notice relevant information within complex
3

classroom interactions (Lachner et al., 2016). However, this
complexity poses additional challenges in terms of attention allo-
cation that distinguish research on teaching from the aforemen-
tioned studies (Cortina et al., 2015).

As teaching is defined as a process of teacher-student interac-
tion, students also influence teachers’ behavior. For example, they
might interact through explicit behavior, such as asking questions
or disturbing classroom instruction, or subliminal behaviors, such
as showing a lack of understanding through their facial expressions.
In this context, distinguishing relevant from irrelevant information
becomes more complex, as teachers must interact with their stu-
dents and react to contextual demands simultaneously. For
example, during classroom discussions, teachers need to listen to
student answers, consider the relevance and quality of these an-
swers, and think about the next question, while simultaneously
scanning the class for misbehavior and/or signs of miscompre-
hension (Doyle, 1986). Consequently, inexperienced teachers can
easily become overwhelmed because they are not yet able to pro-
cess all incoming information effectively and decide which visual
cues are most relevant. Due to excessive demands, processes that
direct novice teachers’ eye movements might differ from those of
experts. Human eyemovements in general are guided by two broad
processes: bottom-up, through salient features in targets, and top-
down, such as through plans and intentions derived from profes-
sional knowledge (Seidel et al., 2020; Schütz, Braun, &
Gegenfurtner, 2011; Shulman, 1987). Therefore, it can be assumed
that these processes also drive teachers’ visual attention while
teaching (Lachner et al., 2016). On one hand, salient features such as
students raising their hands or disturbing the classroom can catch
teachers’ attention. On the other hand, teachers’ attention also can
be driven by specific tasks when observing certain students more
closely, such as gathering information about their cognitive pro-
cesses. This intentional distribution of attention requires more top-
down mechanisms and has been shown to be associated with
teaching expertise (Haataja et al., 2019; McIntyre, Mainhard, &
Klassen, 2017). Psychological studies in the field of attention
research further indicate that bottom-up processes initially guide
visual attention, before intentional, top-down processes intervene
and control the attentional focus (Theeuwes, Atchley, & Kramer,
2000). Therefore, it can be assumed that alongside expertise, a
temporal component impacts how teachers’ attention is guided
during instruction.

2.3. How preservice teachers’ attention is guided during instruction

By analyzing classroomvideos, Lipowsky et al. (2007) found that
teachers tend to interact with high-performing students and
actively engage with them more often compared with weaker
students. However, interaction with students alone does not cap-
ture the actual focus of teachers’ attention. Past research has
deployed eye-tracking technology to investigate teachers’ ability to
detect relevant events in classroom scenarios (van den Bogert et al.,
2014; Wolff et al., 2016; Yamamoto & Imai-Matsumura, 2015).
However, these studies’ findings are limited with respect to
external validity, as participants’ eye movements are recorded
while they look at a screen showing an instructional setting, as
opposed to engaging in a real classroom with teacher-student in-
teractions. As previous research demonstrates that people’s gaze
behavior in laboratory settings differs from that in the real world
(Foulsham, Walker, & Kingstone, 2011), teachers might also
perceive a classroom situation differently when watching it on a
computer screen (on-action) compared to actually being in the
situation (in-action).

Recent in-action research has deployed mobile eye-tracking
technology to study teachers’ cognitive load (Prieto, Sharma,
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Wen, & Dillenbourg, 2015) or compare teachers’ gazes for
information-seeking and information-giving across expertise and
culture (McIntyre et al., 2017). Furthermore, Cortina et al. (2015)
assessed expert and novice teachers’ eye movements during
teaching with mobile eye-tracking technology. Novice teachers
tended to give their undivided attention to particular students
while providing feedback, while expert teachers were capable of
monitoring the whole classroom simultaneously. These results are
supported by Dessus, Cosnefroy, and Luengo (2016), who investi-
gated teachers’ strategies with respect to expertise. Experienced
teachers were able to distribute their attentionmore frequently to a
broader set of students than novice teachers. Stürmer et al. (2017)
found similar results, as preservice teachers distributed their
attention unevenly across four learners with different learning
prerequisites while teaching in standardized settings. Notably,
preservice teachers focused their attention on their instructional
material 30.24% of the time (Stürmer et al., 2017). Furthermore,
when looking at learners, all preservice teachers mainly focused on
one learner, even though they did not focus consistently on learners
who shared the same set of individual prerequisites (Stürmer et al.,
2017). Similarly, Dessus et al. (2016) assumed that teachers’ gaze
might depend on certain salient student characteristics, and
therefore considered students’ current subject performance as well
as self-reported and teacher-perceived behavioral self-regulation
abilities in their analysis. Their results suggest that students’ level
of performance and self-regulation might affect experienced
teachers’ gaze, but not novice teachers’ gaze. Taken together, other
explanations besides student characteristics might guide novice
teachers’ attentional focus. According to findings by Wolff et al.
(2016), inexperienced teachers’ attentional processes might be
driven rather bottom-up through salient features in student
behavior rather than their intention to diagnose students’ cognitive
processes (top-down; Schütz et al., 2011). However, existing
research has yet to examinewhat has happened in the classroom by
the time students capture preservice teachers’ attention.
2.4. Research questions

Current approaches do not consider teacher-student in-
teractions in more detail, and research on how student behavior
affects novice teachers’ attention in particular during instruction is
lacking. Therefore, in the present study, we investigate these in-
teractions for the first time in an exploratory manner by analyzing
preservice teachers’ attentional processes contingent upon stu-
dents’ behavior in a small sample of video material. Despite the
rather small sample size, the videos display standardized teaching
situations with comparable behavior by learners. These standard-
ized teaching situations involved preservice teachers instructing a
small group of learners in a setting with reduced complexity on the
same domain-independent topics. Learners acted in accordance
with profile scripts so that the circumstances were the same for all
preservice teachers (Seidel, Stürmer, Sch€afer, & Jahn, 2015). Thus,
the videotaped settings offer a unique opportunity to uncover
properties of visual cues in learners’ behavior that novice teachers
fixate on, and to examine the stability of these effects over the
course of preservice teachers’ teaching.

To control for possible confounding effects within the
complexity of teaching, it is important to ensure standardized
conditions. For research on-action (e.g., observing videotaped
classroom situations), this implies, for example, using the same
video material for all participants. However, providing similar sit-
uations in research in-action is more complicated, as much varia-
tion exists across the spectrum of students and their behavior.
While Cortina et al. (2015) compared expert and novice teachers’
4

attentional processes while instructing the same classrooms with
the same students, Seidel et al. (2015) developed standardized
“training” situations to provide comparable conditions for preser-
vice teachers in their first teaching experiences. We based our
analysis on Stürmer et al. (2017) video data, in which seven pre-
service teachers were asked to teach four simulated learners in a
standardized teaching situation. The lesson topics were pre-
defined (tactical game, public transportation system), and the
instructional time lasted for a maximum of 20 min. Learners
comprised university students who were carefully trained and
systematically assessed to behave in accordance with either an
uninterested (mixed cognitive abilities, low interest), under-
estimating (high cognitive abilities and prior knowledge, low self-
concept, intermediate level of interest), struggling (low cognitive
abilities, knowledge, and self-concept), or strong (high cognitive
abilities, knowledge, self-concept, and interest; Seidel, 2006) pro-
file. Acting scripts provided background information about each
profile in terms of cognitive and motivational-affective character-
istics, as well as observable behavioral indicators. The strong profile
was instructed to interact with the preservice teacher in an active
and motivational manner, whereas the underestimating profile
would only participate actively when directly engaged and made
comments indicating a lack of confidence. The uninterested profile
was instructed to actively exhibit low interest and engage in dis-
turbing behaviors and comments, while the struggling profile
would exhibit avoidant, shy behavior and try not to become actively
engaged in interactionwith the teacher (see Seidel et al., 2015). The
learners were taught to act using observable behavioral indicators
and further instructed to interact naturally and adapt their behavior
in line with the teaching-learning process taking place in the sit-
uation (Stürmer et al., 2017).

To identify specific interaction patterns between preservice
teachers’ attentional focus and what is occurring in the instruc-
tional setting, we applied a new methodological approach to the
data sources inwhich we synchronized preservice teachers’mobile
eye-tracking data with a continuous rating of visible cues in
learners’ behavior, ranging from salient to rather unobtrusive in-
dicators, and conducted time series analysis. The following research
questions were addressed:

1) Are there behaviors in simulated learners that capture preser-
vice teachers’ attention? Does salient behavior capture pre-
service teachers’ attention relatively more often compared
with less salient behavior?

2) Does the effect of learners’ behavior on preservice teachers’
attention change over time?

3) Are there profile-specific differences in how learners’ behavior
affects preservice teachers’ attentional focus?

3. Method

3.1. Sample and procedure

To answer our research questions, we based our analysis on the
data from Stürmer et al. (2017) eye-tracking study, where seven
preservice teachers taught one out of two pre-defined topics in a
standardized teaching situation. The seven preservice teachers
constituted a subsample of a full cohort of preservice teachers
(N¼ 89, age:M¼ 22.2 years, SD¼ 2.0, 56% female) from the teacher
education program at the Technical University of Munich (TUM),
Germany. The program focuses on training secondary school
mathematics and science teachers. The full cohort participated in
the standardized teaching situations in their third year of the
teacher education program as part of a university course (see Seidel
et al., 2015). At this point, the cohort had already gathered some



Table 1
Video length for each preservice teacher.

Preservice teacher Total seconds Total minutes

1 1044 17.40
2 971 16.18
3 988 16.47
4 888 14.80
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teaching experience by successfully completing three short in-
ternships in schools and classrooms. However, as the preservice
teachers were about to begin their professional teacher preparation
program, they could be regarded as novices in teaching. The study
by Seidel et al. (2015) investigated to what extent these novices
display teaching skills in the standardized situations, identifying
differences in preservice teachers’ teaching quality (e.g., struc-
turing, teaching support, and learning climate), and validated the
shown teaching skills with real classroom performance. Within the
sample, preservice teachers were asked to voluntarily participate in
an eye-tracking study (Stürmer et al., 2017). A total of seven pre-
service teachers (n ¼ 5 female) wore eye-tracking glasses while
teaching in the standardized situations (age: M ¼ 22.19 years,
SD ¼ 2.3). This subsample can be considered as representative for
the full study cohort, as they did not deviate more than one stan-
dard deviation from the cohort means on measures of their moti-
vational learning prerequisites (ability self-concept with regard to
teaching: full cohort M ¼ 3.44, SD ¼ 0.45/subsample M ¼ 3.67,
SD ¼ 0.32, scale from 1 ¼ does not apply to 4 ¼ applies; self-efficacy
with regard to teaching: full cohort M ¼ 2.96, SD ¼ 0.32/subsample
M ¼ 3.23, SD ¼ 0.39, scale from 1 ¼ does not apply to 4 ¼ applies),
the way they adapted to the teaching role in the situation (full
cohortM¼ 3.80, SD¼ 0.35/subsampleM¼ 3.94, SD¼ 0.10, external
rating from 1 ¼ does not apply to 4 ¼ applies) and with regard to
their shown teaching skills (structuring: full cohort M ¼ 1.67,
SD ¼ 0.45/subsample M ¼ 1.46, SD ¼ 0.35; teaching support: full
cohortM¼ 1.92, SD¼ 0.66/subsampleM¼ 1.67, SD¼ 0.52; learning
climate: full cohort M ¼ 2.46, SD ¼ 0.41/subsample M ¼ 1.42,
SD ¼ 0.13, external ratings from 1 ¼ does not apply to 4 ¼ applies).
For our data analysis, we had to reduce the sample size from the
pool of seven videos, as two of the original eye-tracking datasets
could not be synchronized. Furthermore, one preservice teacher’s
instructional time in the standardized setting was much shorter;
thus, the range of behavior learners were supposed to provide was
not comparable. The four videotaped sessions totaling N ¼ 3646 s
on which our analysis is based are comparable in length (Table 1)
and in the ways the simulated learners acted (see Fig. 1). In the
original data, each session was video-recorded with a complete
view of the situation, and preservice teachers wore mobile eye-
tracking glasses. Preservice teachers and simulated learners were
placed around two tables, with the underestimating and uninter-
ested learners sitting on the right-hand side of the preservice
teacher and the strong and struggling learners on the left-hand
side. The seating order was kept constant across participants.
Each of the four simulated learners was defined as one area of in-
terest (AOI).

3.2. Analysis

Behavior annotation. In the current study, we manually anno-
tated learners’ observable behavior on a one-dimensional scale
over the entire instructional period in 1-s steps. The free software
CARMA (Girard, 2014) enables continuous interpersonal behavior
annotation using joysticks (see Lizdek, Sadler, Woody, Ethier, &
Malet, 2012). We combined the idea of on-task/off-task behavior
(Helmke & Renkl, 1992; Hommel, 2012) with existing scales from
the engagement literature and used the ICAP framework (Chi &
Wylie, 2014) as inspiration to define more fine-grained differenti-
ations within the spectrum of possible behaviors (passive, active,
(de)constructive, and interactive). Thus, behavior was annotated on
a symmetric scale ranging from�2, which indicated disruptive (i.e.,
interactive) off-task behavior, such as shouting across or walking
around the classroom with the intention to interrupt, to þ2, indi-
cating highly engaged, interactive, on-task behavior in which, for
example, learners ask questions and try to explain content to fellow
5

learners (see Fig. 2). Values closer to 0 indicated rather unobtrusive,
passive behavior in which, for example, learners listened without
participating (on-task) or rummaged through their belongings (off-
task; Goldberg et al., 2019). Two raters annotated each learner in all
videos in random order, with inter-rater reliability ICC(2,1) for each
student profile ranging between 0.75 and 0.83 (absolute agree-
ment). For the subsequent analysis, the mean of the two raters was
calculated for every learner at every second. In addition to the effect
of behavior in general, we also investigated the impact of especially
salient (i.e., active and interactive) behavior. To account for different
effects of salient on-task and salient off-task behaviors, we defined
behavioral annotation values above 1 and below �1 as salient be-
haviors and calculated two binary variables.

Teacher event rating. To enrich our analysis and control for the
specific instructional setting, we conducted an event rating of
preservice teachers’ instructional practices (e.g., asking questions).
Two raters coded the events according to the category system
displayed in Fig. 3, with an inter-rater reliability of k ¼ 0.64 (good
agreement; D€oring & Bortz, 2016). The raters applied a binary
overall classification of preservice teachers’ behavior (talks or does
not talk) and also indicated whenever one of the students
addressed the preservice teacher.

Preparing the time series. To reduce the information from the
eye-tracking data and synchronize it with the manual annotations,
we only used the fixationwith the longest duration for each second.
As a result, we conducted a time sampling of preservice teachers’
AOIs and each simulated learner’s behavioral information on a per-
second basis. The resulting dataset is a time series that specifies
preservice teachers’ AOIs, the behavioral score for each learner,
whether learners showed salient on- or off-task behavior, and what
the preservice teacher did (i.e., teacher events) for each second.

Statistical analysis. We wanted to predict preservice teachers’
AOIs, that is, whether they fixated on the underestimating, unin-
terested, strong, or struggling learner. Preservice teachers’ AOIs are
by nature a multinomial variable, as we cannot order the different
profiles into a hierarchy of better or worse. Therefore, we applied
multinomial regressions by using a mixed model with alternative-
specific and alternative-unspecific variables. We predicted preser-
vice teachers’ AOIs based on learners’ behavioral ratings with a
time lag. This decision was made to overcome the question: Which
happens first, if both measures e AOI and behavioral rating e are
used for the same second? By using time lags, we allow for a causal
interpretation of the findings, as preservice teachers’ AOIs should
not influence learners’ behavioral ratings one or more seconds
earlier; that is, reverse causality is not an issue. We used the
behavioral rating (first time lag; subsequently referred to as rating)
together with the variables indicating salient on- and off-task
behavior 1 s before preservice teachers’ AOIs as our main vari-
ables of interest and also included the second and third time lag of
the ratings to control for autocorrelation in our regressors.

Aside from the four students, the preservice teachers could
choose not to look at any of the four learners, but rather somewhere
in the room or at their instructional material. We used this option
as the alternative in the multinomial regression, giving gaze to-
wards the room/instructional material a rating score of zero. All
variables of interest are alternative-specific, which eases the



Fig. 1. Behavior ratings per learner profile as boxplots separately for each preservice teacher (x indicating the mean).

Fig. 2. Scale for behaviour annotation with example behavioural indicators. From Goldberg et al. (2019). CC BY.
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interpretation of the regression. This means that because we have
individual ratings (and salient on- and off-task behavior) for all
learners, we get one coefficient for the rating (and salient on- and
off-task behavior respectively) for all alternatives (Cameron &
Trivedi, 2005). By comparison, the teacher-event variables are not
alternative-specific, but are the same for all learners. This leads to
individual coefficients for each teacher event for each of the four
alternatives.

To check for profile-specific effects, we conducted linear prob-
ability models for each learner profile separately. For this, we
recoded the multinomial outcome variable as a series of binary
6

variables, that is, a series of dummy variables equal to one if, for
example, the preservice teachers’ AOIs were directed towards the
underestimating learner and zero otherwise. Regressions were
calculated for the uninterested, strong, and struggling learners
respectively, as well as for the alternative in which the preservice
teachers looked anywhere but at one of the learners. We included
all four preservice teachers in the analysis and controlled for gen-
eral differences between the teachers by including dummy vari-
ables for each teacher. These analyses include a coefficient for
salient off-task behavior only for the uninterested learner, as the
other learners displayed no such behavior.



Fig. 3. Event coding system of preservice teacher behavior.

1 We started with the 80th second to have a sufficient number of observations
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4. Results

4.1. Influence of learners’ behavior on preservice teachers’
attentional focus

In a first step, we included all preservice teachers in one
multinomial regression. The coefficient of themanual annotation of
learning-related behavior was significantly positive, b ¼ 2.04,
p < .001, which means that the more learners’ behavior moves
toward the interactive on-task end of the behavioral continuum,
the higher the likelihood that a learner will be looked at by the
preservice teacher in the next second. Inversely, the more learners’
behavior moves towards the interactive off-task end of the
behavioral continuum, the lower the likelihood that a learner will
be looked at by the preservice teacher in the next second. Therewas
also a significant positive relationship with whether or not a
learner showed salient on-task behavior, b ¼ 0.24, p < .05. Thus,
engaging in behavior such as asking questions or explaining
something increased the probability of being in the preservice
teachers’ AOIs. Whether or not a learner displayed salient off-task
behavior showed no significant relationship, b ¼ �0.85, p ¼ .052.
Regarding gaze stability, the behavioral rating 2 s earlier was
significantly negative, b ¼ �1.36, p < .001, while the behavioral
rating 3 s earlier was not significant, b ¼ 0.27, p ¼ .263. This means
that if learners’ behavior had a high rating score, the preservice
teachers were less likely to keep looking at the respective learner
2 s later. The behavioral rating 3 s earlier did not exert any effect. To
show that these effects are not sensitive to our choice of
7

specification, Table 2 depicts the results when not controlling for
the linear time trend (Model 2), preservice teachers (Model 3),
teacher events (Model 4), or all of these (Model 5).

In multinomial regressions, only the direction and significance
of the alternative-specific coefficient can be interpreted directly;
the numerical value of the coefficient itself cannot because of the
multinomial model’s non-linearity. Therefore, we also calculated
the marginal effects at the mean for the rating and for salient on-
task behavior (Table 3). Values on the diagonal indicate the per-
centage increase in the likelihood of being looked at by the pre-
service teacher if the rating score rises by one unit or salient on-task
behavior is shown. For example, if all variables are equal to their
means, and the underestimating learner’s rating score increases by
one unit, the probability that the preservice teacher fixates on this
learner increases by 18.09%. Values off the diagonal, in turn, indi-
cate the percentage with which the likelihood of being in the
teacher’s AOI decreases when another learner’s rating score rises,
or if this other learner shows salient on-task behavior. The effect is
symmetric, that is, an increase in the rating score of the under-
estimating learner, for example, leads to an equal decrease in the
probability of the uninterested learner being in the preservice
teacher’s AOI (by 3.52%), as an increase in the rating score for the
uninterested learner decreases the probability of the preservice
teacher fixated on the underestimated learner. This is a general
feature of alternative-specific regressions.

To see whether our results are driven by just one preservice
teacher and cannot be generalized, we ran the multinomial re-
gressions separately for each preservice teacher. We found the
same underlying patterns as in the aforementioned regression re-
sults (in which we included all teachers), with only minor de-
viations: When analyzing each preservice teacher separately, we
again found a positive effect of the rating and a negative effect of
the rating 2 s earlier. Therefore, we conclude that the effect of
learners’ behavior is not specific to one preservice teacher and thus
is more generally valid. However, for salient on- and off-task
behavior, we found mixed results in the teacher-specific re-
gressions (for more information on the exact regression analysis,
see Figs. A1 and A3 as well as Tables A2 and A4 in Appendix A).

4.2. Influence of time on preservice teachers’ attentional focus

Next, we investigated the impact of elapsed time during the
course of instruction. Starting at the time point of 80 s1, we calcu-
lated regressions by adding data from the next second and
continued the calculations over the time course. Fig. 4 shows how
the different coefficients help explain the teachers’ AOIs over the
course of instruction. When the full 95% confidence interval (as
indicated by the blue area in the figure) is above or below zero, the
coefficient’s effect is significant at the 95% significance level.

The rating coefficient shows a stable positive effect, which in-
creases only marginally after 500 s. As no changes exist over time
and the rating’s effect does not depend on the time point within the
instructional period, the effect of the rating can be viewed as stable
over time. By comparison, the coefficient for salient on-task
behavior shows some instability at the beginning of the instruc-
tional period, but this effect also stabilizes after about 500 s and
appears to be similarly robust thereafter. This is not the case for the
second time-lag coefficient of the rating. The estimation is less
precise, and the effect is significant only after the teacher spent
700 s with the learners. Additionally, the estimation of salient off-
task behavior is the most imprecise, as the confidence interval for
and enough variation in the data to calculate reasonable results.



Table 2
Prediction of preservice teachers’ AOI (N ¼ 3618 s).

Model 1 Model 2 Model 3 Model 4 Model 5

b SE p b SE p b SE p b SE p b SE p

Rating t-1 2.04 0.25 <.001 2.05 0.25 <.001 2.31 0.25 <.001 2.08 0.25 <.0001 2.34 0.25 <.001
Salient on-task behavior t-1 0.24 0.10 .019 0.26 0.10 .009 �0.11 0.091 .023 0.48 0.10 <.001 0.24 0.08 .005
Salient off-task behavior t-1 �0.85 0.44 .052 �0.915 0.43 .035 �0.76 0.43 .075 �0.68 0.43 .114 �0.63 0.42 .138
Rating t-2 �1.36 0.41 .001 �1.39 0.40 .001 �1.45 0.41 <.001 �1.48 0.40 <.001 �1.63 0.40 <.001
Rating t-3 0.27 0.24 .263 0.263 0.24 .135 0.34 0.24 .151 0.31 0.24 .194 0.48 0.24 .041
Controlled for teacher events Yes Yes Yes No No
Controlled for teacher Yes Yes No Yes No
Controlled for linear time trend Yes No Yes Yes No
x2 1790* 1719* 1475* 1422* 1019*
Pseudo R2 .157 .151 .129 .125 .089

Note: x2 refers to the Likelihood Ratio Test. We calculated McFadden’s Pseudo R2. *p < .001.

Table 3
Marginal effects at the mean for the coefficients in percent.

Profile underestimating uninterested strong struggling

Rating underestimating 23.62% �4.73% �6.56% �3.86%
uninterested 29.20% �8.50% �5.01%
strong 37.19% �6.94%
struggling 24.76%

Salient on-task underestimating 2.73% �0.05% �0.08% �0.45%
uninterested 3.38% �098% �0.58%
strong 4.30% �0.80%
struggling 2.86%

Note: As the matrix is symmetrical, only the upper part is reported here.
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this coefficient is the widest. The development over time here is
also the least stable, given the different ups and downs of the co-
efficient. Thus, the effects of salient off-task behavior cannot be
viewed as stable across instructional time.
4.3. Profile-specific effects of learners’ behavior

Finally, we calculated separate linear probability models for
each student profile to investigate profile-specific effects of
learners’ behavior. The binary regression results are summarized in
Fig. 5, showing the variables of interest with their 95% confidence
intervals (for exact values, see Appendix B).

We found a significant effect of the rating for all profiles: If the
rating increased by one unit, the probability of the preservice
teacher focusing on that specific learner also increased. Thus, for
example, asking questions or explaining something increased the
probability of being in the preservice teachers’ AOIs for all profiles.
However, the rating exerted the greatest impact on the strong
profile and theweakest impact on the struggling profile, suggesting
the presence of profile-specific effects. Additionally, for some pro-
files, the other profiles’ behavioral rating exerted a significant effect
on the probability of being in the preservice teacher’s AOI: When
the uninterested and strong learners’ ratings increased, the prob-
ability that the preservice teacher would fixate on the under-
estimating learner decreased. Similarly, a rise in the
underestimating and uninterested learners’ behavioral ratings
decreased the probability of the strong learner being in the pre-
service teachers’ AOI, while an increase in struggling learner’s
rating decreased the probability of the uninterested learner being
in the preservice teachers’ AOIs. An increased behavioral rating for
the other learners did not significantly affect the probability of the
preservice teacher fixating on the struggling learner. The ratings 2 s
earlier only exerted a significant effect on the strong learner. Similar
to the results for the multinomial regression, a high rating score for
the strong learner 2 s earlier decreased the probability that the
8

preservice teacher would keep looking at him or her.
To cross-check our results, we also ran the linear probability

model for the alternative case (i.e., the preservice teacher not
looking at any learner). As expected, the learners’ behavioral ratings
did not explain when the preservice teacher looked elsewhere in
the room or at the instructional material.
5. Discussion

In the present study, we aimed to more closely investigate
student-teacher interactions by synchronizing preservice teachers’
eye-tracking data with a continuous annotation of learners’
behavior. We used time series analysis to examine whether certain
behaviors in learners provoke preservice teachers’ attentional focus
and what role salient behaviors play in particular. Additionally, we
evaluated the impact of the time point within instruction on novice
teachers’ attention. As students with different individual charac-
teristics exhibit different kinds of visual cues, we further investi-
gated profile-specific effects of learners’ behavior on preservice
teachers’ attentional focus.

The patterns found in our results support previous research on
preservice teachers’ monitoring skills. Like Lipowsky et al. (2007),
we found that preservice teachers focus their attention on students
who are engaging in more (inter)active learning-related behavior,
especially salient on-task behavior. Thus, active participation, such
as asking questions or explaining something, increased the likeli-
hood of the preservice teacher focusing on a learner who displayed
this kind of behavior. Furthermore, the less actively learners
participate and the more distracted their behavior becomes, the
lower the probability of the preservice teacher focusing his or her
attention on them. A possible explanation may concern teachers’
need to control instructional progress (see Hofer, 1997). Novice
teachers in particular might be more sensitive to this desire for
control compared to experienced teachers. We found that preser-
vice teachers focused more on learners who showed behavior that



Fig. 4. Plots displaying structural breaks for the different coefficients, with blue areas indicating the 95% CIs and vertical dotted lines indicating time points when no further data
from one video was added. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 5. Linear probability models for each learner and the alternative with 95% CIs. Outcome is equal to one if the respective learner was looked at or (for the alternative) no learner
was looked at and zero otherwise. In the legend, A indicates the underestimating learner, B the uninterested learner, C the strong learner, and D the struggling learner.
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sustained the course of instruction and tried to avoid misbehaving
learners. These findings are particularly interesting, as research
with stationary eye-trackers has demonstrated that novice teach-
ers’ attention is attracted by disruptive behavior and rather salient
features (i.e., bottom-up influences) when watching a video rather
than teaching themselves (Wolff et al., 2016). This mismatch is in
9

line with research on people’s gaze behavior finding different
patterns in laboratory and real-world settings (Foulsham et al.,
2011). According to Foulsham et al. (2011), these differences
might be influenced by predictions of how the scene in the real
world will change and the requirement to engage with the given
task (i.e., top-down processes). The difference between our results
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and those of Wolff et al. (2016) could indicate, for example, that
novice teachers’ attention might be driven by the demands of the
context (i.e., a more passive context whenwatching a videowithout
the need to interact with learners vs. actual teaching in which they
must interact with learners) and their underlying intention (i.e.,
observing a scenario vs. conveying learning content). Early research
already found that novice teachers demonstrate certain in-
flexibilities when it comes to deviations from lesson plans (e.g.,
Livingston & Borko, 1989; Westerman, 1991). Therefore, top-down
processes (i.e., plans and intentions) related to following their
instructional agenda might guide novice teachers’ attentional focus
rather than top-down processes related to steady monitoring and
the identification of problematic behavior. Nevertheless, it is
important for inexperienced teachers to overcome the urge to focus
mainly on actively engaged students and instead monitor the
classroom evenly, as they have to identify inattentive students in
order to encourage their active participation and support engage-
ment and learning from all students (Seidel et al., 2020). By being
more likely to react to salient behavior than rather unobtrusive
cues, novice teachers might fail to identify students who need
special attention because they are struggling (low-performing
profile) and/or lack confidence in their skills (underestimating
profile). Furthermore, it is important for teachers to be able to
identify the underlying reasons for student behaviors, as a low-
performing student needs different kinds of support than a stu-
dent who underestimates him- or herself or a student who is
simply not interested in the learning topic. Running the regressions
separately for each preservice teacher revealed that the learners’
salient behavior generally affected the preservice teachers’ atten-
tional focus. However, we found variations among individuals. For
most preservice teachers in our sample, salient behavior exerted a
positive effect on their attentional focus, meaning that they focused
their attention on conspicuous rather than unobtrusive cues.
However, one preservice teacher’s attention was affected in the
opposite way. Furthermore, while learners’ behavior exerted a
positive effect on preservice teachers’ attentional focus, this effect
was insignificant for one preservice teacher. This disparity is in line
with previous findings (Stürmer et al., 2017; Dessus et al., 2016)
implying different processes of attention allocation and indicating
varying stages of schema construction in preservice teachers. For
example, trying to avoid focusing on salient behavior could indicate
top-down, rather than bottom-up, processes of attention allocation,
as attention is not guided by striking cues, but by the intention to
avoid this kind of behavior and focus on more subtly acting
learners.

We assumed that the time course would influence how pre-
service teachers distribute their attentional focus during instruc-
tion. We found no effect of instruction time on the relationship
between learners’ behavior and preservice teachers’ attention in
general. Learners’ behavior guided preservice teachers’ attentional
focus throughout the time course. At all times, teachers were more
likely to focus on actively engaged learners compared with rather
passive or even disturbing behavior. Furthermore, preservice
teachers focused on actively engaged learners who exhibited
salient behavior, especially during the second half of the instruc-
tional time. This might be due to preservice teachers’ intention to
convey certain learning content during the instructional period.
When experiencing pressure to finish in time, they might pay more
attention to learners who can help them pursue their goals, and
thus focus their attention on students who display salient on-task
behavior. Finally, the behavioral rating 2 s earlier exhibited a
negative effect during the last third of the instructional time,
indicating that preservice teachers’ gaze is not stable. This is in line
with previous research showing that novice teachers’ attention
while teaching is dominated by the short term, involving quick
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changes between AOIs (Stürmer et al., 2017). On the other hand, it
might also indicate that the novices attempted to monitor the
classroom after they had some time to get accustomed to the sit-
uation. With respect to salient off-task behavior, our results indi-
cate no significant effect and rather unstable estimations. One
explanation from a technical point of view might be the compar-
atively fewer data points considered salient off-task behaviour,
which made the estimations less precise. A more content-based
explanation would be that preservice teachers did not react as
deliberately and consistently to salient off-task behaviour as they
did to salient on-task behaviour. Thus, the estimations were rather
imprecise because the preservice teachers reacted in a non-
systematic way when salient off-task behaviour occurred.

Previous research indicates that students exhibit different kinds
of observable behavior depending on their individual characteris-
tics (Jurik et al., 2013; Pauli & Lipowsky, 2007) and that teachers
generally prefer to interact with actively engaged students
(Lipowsky et al., 2007). Therefore, we investigated whether profile-
specific effects exist that guide preservice teachers’ attentional
focus. We found that learners’ ratings exerted a generally positive
effect. For example, asking questions increased the probability of
being in the preservice teacher’s attentional focus for all profiles.
However, this effect was greatest for strong learners and weakest
for struggling learners. This finding highlights a particular issue, as
struggling students particularly need their teachers’ attention.
When teachers overlook students who are experiencing difficulties
in understanding instruction, they fail to engage these students in
the learning process, resulting in decreased and/or unsuccessful
learning. Additionally, preservice teachers’ attentional focus was
affected differently by different profiles. For example, when the
struggling learner participated more actively, only the uninterested
learner’s probability of being in the preservice teacher’s AOI
decreased, not those of the strong and underestimating learners.
Moreover, only when the strong learner was participating actively
did the probability of the preservice teacher continuing to look at
him or her decrease. This might indicate that the preservice
teachers knew that the strong learner was adequately engaged and
were attempting to distribute their attention to other learners, as
we did not find this effect with the other profiles. Taken together,
our findings indicate profile-specific effects of learners’ behavior on
preservice teachers’ attentional focus.

It should be noted that the number of data points in the category
of salient off-task behavior was rather low, and the values less
extreme compared with those in the salient on-task category (see
Fig. 1). Whereas learners displayed actions from the upper extreme
of the behavioral spectrum, like explaining content to fellow stu-
dents, they did not engage in activities on the lower extreme of the
scale, such as walking around and actively disturbing others or
instruction. Such behaviour also occurs rather rarely in real class-
room situations involving university students (Goldberg et al.,
2019). Even though one of the learners was instructed to behave
in an uninterested manner, the instructions for this learner
included behaviors such as playing on their smartphone or some-
times disturbing their neighbor but not the whole group (i.e.,
passive and active off-task behavior but not interactive off-task
behavior). However, our rating instrument has to cover the entire
possible spectrum of learners’ behavior in order to be considered
valid. Thus, the observed patterns might be driven by too little
variation in the displayed behavior, meaning that interpretations
regarding preservice teachers’ attentional focus with respect to
salient off-task behavior should be drawn carefully.

Nevertheless, by using standardized situations, we were able to
ensure comparable conditions for all participants involving a
similar set of observable behaviors. Differences in the profile-
specific behaviors were due to the preservice teachers’ individual
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methods of interacting with the learners, as the learners were
instructed to adapt to the situation naturally. Interestingly, even
though all learners theoretically should have behaved in the same
way, the variation in preservice teachers’ interaction styles resulted
in unequally pronounced behaviors.

Even though our sample size is rather small, the synchroniza-
tion of the continuous data was based on almost 4000 s of material
(i.e., data points). This constitutes a vast amount of data and e to
the best of our knowledge e analysis of triangulated data like ours
has never before been performed. Therefore, our study provides a
promising starting point for systematically investigating in-
teractions between teachers and students by deploying mixed
methods and time series analysis. Our next step will be to explore
the effects of real classrooms containing more students e and thus
more demanding interaction processes e on novice teachers’
attention. Furthermore, in future studies, it would be of great in-
terest to compare experts and novices in order to identify knowl-
edge structures and competencies that inexperienced teachers do
not yet possess. Insights like these could have critical implications
to help teacher educators and mentors train novice teachers.

6. Conclusion

Conducting a time series analysis of teachers’ eye-tracking data
in combination with continuous ratings of student behavior is a
promising approach to analyzing teacher-student interactions
during instruction in more detail. We found that inexperienced
teachers are more likely to focus their attention on students who
exhibit actively engaged behavior compared with rather passive or
even disruptive behavior, and that this effect is stable across the
period of instruction. Our findings further support the distinction
between on-action and in-action research, as novice teachers in
particular might behave differently when faced with the demands
of actual classroom instruction and interaction.

However, the rating procedure for such synchronized data is
time-consuming. To further study such interaction processes with
larger sample sizes and in real classroom settings inwhich teachers
usually teach more than four learners, automated assessment
Fig. A1. Teacher-specific regressions for all preservice teachers with one variable indicating
1 and 4 otherwise. Whiskers indicate 95% CIs.
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seems to be a promising next step (Goldberg et al., 2019).
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Appendix A

To see whether our results were driven by just one preservice
teacher and cannot be generalized, we ran the multinomial re-
gressions separately for each preservice teacher. However, not
enough variation in salient off-task behavior existed to be esti-
mated in the multinomial regression for Preservice Teachers 1 and
4. Thus, in our regression results, we did not differentiate between
salient on- and off-task behaviors; instead, we used only one
dummy variable indicating salient behavior in general (Figure A1).
Regression results are displayed in Table A2. The rating is positively
significant for Preservice Teachers 1, 2, and 3. Additionally, salient
behavior is positively significant for Preservice Teachers 1, 3, and 4;
however, it is negatively significant for Preservice Teacher 2. The
second time lag of the rating is negatively significant only for Pre-
service Teachers 1 and 3.
salient behavior in general, as the model could not be estimated for Preservice Teachers



Table A2
Teacher-specific regression for all preservice teachers with one variable indicating salient behavior in general, controlling for teacher events, teachers, and time trend.

Preservice teacher 1 Preservice teacher 2 Preservice teacher 3 Preservice teacher 4

b SE p b SE p b SE p b SE p

Rating t�1 2.86 0.51 <.001 1.23 0.54 .023 2.64 0.44 <.001 �0.35 0.66 .593
Salient behavior t�1 0.66 0.19 .001 �0.65 0.16 <.001 0.51 0.17 .002 1.24 0.39 .001
Rating t�2 �2.32 0.82 .005 �0.51 0.86 .554 �1.77 0.70 .012 �0.55 1.02 .591
Rating t�3 0.77 0.46 .096 0.32 0.53 .544 0.11 0.41 .786 0.38 0.64 .550
x2 796* 305* 373* 64*
Pseudo R2 0.2565 0.1095 0.1277 0.031
Observations 1011 918 929 760

Note: x2 refers to the likelihood ratio test. We calculated McFadden’s Pseudo R2. *p < .001.
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To investigate the specification including salient off-task
behavior, we calculated multinomial regressions for Teachers 2
and 3. The estimation results are summarized in Figure A3, which
presents the estimated coefficients of the variables of interest and
Table A4
Teacher-specific regression for Preservice Teachers 2 and 3, controlling for teacher events, teachers, and time trend.

Preservice teacher 2 Preservice teacher 3

b SE P B SE p

Rating t�1 1.13 0.55 .039 2.67 0.44 <.001
Salient on-task behavior t�1 �0.53 0.18 .003 0.47 0.17 .005
Salient off-task behavior t�1 �1.40 0.54 .009 1.57 1.09 .150
Rating t�2 �0.50 0.86 .564 �1.76 0.70 .012
Rating t�3 0.31 0.53 .561 0.10 0.41 .813
x2 307* 374*
Pseudo R2 0.1105 0.128
Observations 918 929

Note: x2 refers to the likelihood ratio test. We calculated McFadden’s Pseudo R2. *p < .001.

Fig. A3. Teacher-specific regression for Preservice Teachers 2 and 3, as only these have enough variation in the salient on- and off-task behavior variables. Whiskers indicate 95% CIs.
the respective 95% CIs (for exact values, see Table A4).
The rating is significant for both teachers. Salient on-task

behavior is negatively significant for Preservice Teacher 2, but
positively significant for Preservice Teacher 3. Furthermore, salient
off-task behavior is negatively significant for Preservice Teacher 2,
but not significant for Preservice Teacher 3. The second lag of the
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rating is negatively significant only for Preservice Teacher 3. The
third lag is statistically insignificant for both preservice teachers.
Appendix B

Linear probability models for each learner and the alternative
with outcome equal to one if the respective learner was examined
or (in the alternative model) no learner was examined and zero
otherwise. Controlled for teacher events, teachers, and time trend.



(A) Underestimating
learner

(B) Uninterested learner (C) Strong learner (D) Struggling learner Alternative e no
learner

b SE p b SE p b SE p b SE p b SE p

Rating A t�1 0.42 0.12 <.001 �0.14 0.11 .207 �0.40 0.12 .001 0.14 0.12 .254 �0.01 0.12 .926
Rating B t�1 �0.12 0.05 .024 0.32 0.09 <.001 �0.18 0.06 .002 �0.04 0.06 .465 0.01 0.08 .859
Rating C t�1 �0.19 0.09 .027 �0.12 0.07 .115 0.56 0.10 <.001 �0.14 0.10 .136 �0.11 0.09 .232
Rating D t�1 �0.05 0.07 .488 �0.16 0.07 .023 �0.06 0.06 .362 0.18 0.08 .023 0.09 0.07 .235
Salient on-task behavior A t�1 0.03 0.06 .566 0.07 0.05 .124 �0.05 0.07 .492 0.11 0.08 .164 �0.17 0.05 .001
Salient on-task behavior B t�1 0.05 0.07 .447 0.01 0.09 .981 �0.07 0.06 .268 0.10 0.07 .119 �0.09 0.07 .175
Salient on-task behavior C t�1 �0.01 0.06 .96 �0.04 0.04 .380 �0.03 0.06 .611 0.06 0.06 .320 0.01 0.05 .862
Salient on-task behavior D t�1 �0.01 0.05 .934 0.05 0.05 .319 �0.07 0.05 .125 0.11 0.09 .214 �0.08 0.06 .198
Salient off-task behavior B t�1 0.01 0.06 .907 �0.01 0.03 .741 0.15 0.08 .062 �0.08 0.10 .426 �0.07 0.03 .035
Rating A t�2 �0.23 0.12 .049 0.08 0.11 .486 0.38 0.13 .004 �0.23 0.12 .046 �0.01 0.15 .997
Rating B t�2 0.05 0.06 .398 �0.03 0.11 .760 0.05 0.09 .561 �0.03 0.08 .715 �0.04 0.09 .659
Rating C t�2 0.12 0.06 .047 0.19 0.11 .085 �0.45 0.12 <.001 0.16 0.08 .058 �0.01 0.10 .922
Rating D t�2 0.10 0.09 .244 0.03 0.10 .765 0.14 0.08 .08 �0.16 0.09 .091 �0.12 0.08 .143
Rating A t�3 �0.02 0.08 .807 0.01 0.08 .989 �0.16 0.09 .066 0.13 0.09 .166 0.05 0.10 .603
Rating B t�3 0.04 0.06 .450 �0.14 0.09 .095 0.08 0.07 .290 <.01 0.05 .994 0.02 0.08 .752
Rating C t�3 �0.02 0.05 .722 �0.14 0.08 .092 0.15 0.09 .101 �0.08 0.05 .155 0.09 0.09 .317
Rating D t�3 �0.13 0.06 .025 0.08 0.06 .221 �0.13 0.07 .044 0.08 0.07 .226 0.10 0.06 .103
F 17.289* 20.6691* 38.7244* 23.5791* 21.759*
R2 0.115 0.134 0.225 0.150 0.140
Observations 3633 3633 3633 3633 3633

Note: *p < .001. A indicates the underestimating learner, B the uninterested learner, C the strong learner, and D the struggling learner.
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