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Teachers' ability to assess student cognitive and motivational-affective characteristics is a requirement to support individual students with adaptive teaching. However, teachers have difficulty in assessing the diversity among their students in terms of the intra-individual combinations of these characteristics in student profiles. Reasons for this challenge are assumed to lie in the behavioral and cognitive activities behind judgment processes. Particularly, the observation and utilization of diagnostic student cues, such as student engagement, might be an important factor. Hence, we investigated how student teachers with high and low judgment accuracy differ with regard to their eye movements as a behavioral and utilization of student cues as a cognitive activity. Forty-three participating student teachers observed a video vignette showing parts of a mathematics lesson to assess student characteristics of five target students, and reported which cues they used to form their judgment. Meanwhile, eye movements were tracked. Student teachers showed substantial diversity in their judgment accuracy. Those with a high judgment accuracy showed slight tendencies toward a more “experienced” pattern of eye movements with a higher number of fixations and shorter average fixation duration. Although all participants favored diagnostic student cues for their assessments, an epistemic network analysis indicated that student teachers with a high judgment accuracy utilized combinations of diagnostic student cues that clearly pointed to specific student profiles. Those with a low judgment accuracy had difficulty using distinct combinations of diagnostic cues. Findings highlight the power of behavioral and cognitive activities in judgment processes for explaining teacher performance of judgment accuracy.
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INTRODUCTION

Teacher assessment skills are an essential component of professional competence (Baumert and Kunter, 2006, 2013; Binder et al., 2018). In their daily professional lives, teachers are required to continuously make educational decisions when assigning grades, planning lessons, adapting their teaching, and providing feedback. To effectively make informed decisions, teachers must constantly monitor their students' learning-relevant cognitive (e.g., cognitive abilities or knowledge) and motivational-affective characteristics (e.g., academic self-concept or interest) and the specific combination of these characteristics within individual students (Corno, 2008; Herppich et al., 2018; Heitzmann et al., 2019; Loibl et al., 2020). Some students may, for example, possess high cognitive characteristics combined with low motivational-affective characteristics, indicating underestimation of their abilities. Other students are aware of their abilities, and hold high cognitive and motivational-affective characteristics (Seidel, 2006). Students with such varying profiles differ in how they engage with, achieve in, and experience their learning environment (Seidel, 2006; Lau and Roeser, 2008; Jurik et al., 2013, 2014), and their positive educational development depends on tailored teacher instruction (Huber et al., 2015). Therefore, it is alarming to know that teachers are struggling to accurately assess the diversity of cognitive and motivational-affective characteristics among their students (Huber and Seidel, 2018; Südkamp et al., 2018). To assess student profiles accurately, teachers are required to observe their students for relevant cues, such as the intensity and content of engagement, and use combinations of such cues to infer underlying combinations of student characteristics (Cooksey et al., 1986; Nestler and Back, 2013; Thiede et al., 2015). Yet systematic linkages of judgment processes and judgment accuracy are rather rare (Karst and Bonefeld, 2020), and are still unclear in terms of how they are used to assess student profiles (Praetorius et al., 2017; Huber and Seidel, 2018). Thus, the aim of the present study is to explore such connections and contribute to existing research in the field by providing detailed insights into the process of observing and assessing student profiles. Therefore, we investigate how well teachers are able to accurately judge various student profiles. Moreover, we link this judgment accuracy to two factors: eye movements (as a measure of the behavioral activity of observing students) and utilization of student cues (as a measure of the cognitive activity) behind judgment processes.


Student Characteristic Profiles as Targets for Teacher Assessment

Since the seminal work of Snow (1989), cognitive and motivational-affective student characteristics are seen as fundamental determinants of learning and achievement. Robust empirical studies with large representative samples and meta-analyses have shown that cognitive abilities (Deary et al., 2007; Roth et al., 2015), pre-achievement (Steinmayr and Spinath, 2009), academic self-concept as students' perception of their subject-specific abilities (Shavelson et al., 1976; Valentine et al., 2004; Steinmayr and Spinath, 2009; Huang, 2011; Marsh and Martin, 2011), and subject interest (Schiefele et al., 1992; Jansen et al., 2016) are among the most decisive student characteristics for educational outcomes.


Consistent and Inconsistent Combinations of Cognitive and Motivational-Affective Characteristics

A strand of research has begun to investigate the complex and interrelated influences that cognitive and motivational-affective characteristics might have on student learning. Therefore, researchers have followed a person-centered approach to examine the intra-individual interplay of student characteristics for the purposes of identifying which combinations of cognitive and motivational-affective characteristics are predominant among students (Seidel, 2006; Lau and Roeser, 2008; Linnenbrink-Garcia et al., 2012; Seidel et al., 2016; Südkamp et al., 2018).

Seidel (2006), for example, used a latent-cluster analysis to identify homogenous subgroups of students that are distinct from one another, in that each subgroup showed a unique pattern of cognitive characteristics—cognitive abilities and pre-knowledge—combined with subject interest and academic self-concept as motivational-affective characteristics. Five so-called student profiles were identified. Two of these profiles can be seen as “consistent,” in that they are assigned to individuals who displayed either low or high levels of cognitive and motivational-affective characteristics: First, “strong” students were very likely to show high values for all characteristics. Second, students who were likely to show low values for all characteristics and were labeled as “struggling.” The remaining three profiles are considered to be “inconsistent,” since the interplay of cognitive and motivational-affective characteristics within individuals to whom these profiles are assigned are either opposing or non-uniform: “Overestimating” students showed relatively low values for cognitive characteristics but were likely to report high subject interest and positive self-concept. Hence, these students might overestimate their abilities. “Underestimating” students displayed an opposite pattern in which high cognitive abilities were combined with low interest and low self-concept. These students seemed to underestimate their abilities. Finally, “uninterested” students stood out due to their high cognitive abilities and particularly low subject interest. Altogether, 57% of the students investigated by Seidel (2006) belonged to inconsistent profiles.

Looking at student diversity from the viewpoint of student characteristic profiles is meaningful, since other studies have repeatedly found mixtures of consistent and inconsistent profiles (Lau and Roeser, 2008; Linnenbrink-Garcia et al., 2012; Seidel et al., 2016; Südkamp et al., 2018). In all of these studies, there was a significant proportion of students that shared inconsistent profiles, ranging in studies from 10% (Südkamp et al., 2018) to more than half of investigated students (Seidel, 2006; Linnenbrink-Garcia et al., 2012). This seems to be a generalizable finding, since the reviewed studies are spread across different subjects including physics, science, biology, mathematics, and language arts, and addressed different cognitive (e.g., cognitive abilities, pre-knowledge, grades) and motivational-affective characteristics (e.g., academic self-concept, learning motivation, anxiety, task-value; Seidel, 2006; Lau and Roeser, 2008; Linnenbrink-Garcia et al., 2012; Seidel et al., 2016; Südkamp et al., 2018). For teachers, these inconsistent profiles are meaningful and quite likely to be present in every classroom. One way in which specific differences between the profiles become apparent to teachers is through student engagement as a central component of student learning.



Student Engagement Reflects Student Characteristic Profiles

Relationships exist between student characteristic profiles and engagement in learning activities as a precondition for achievement. These relationships have been examined in research from two perspectives: first using students' own reports of classroom experience as an antecedent of their engagement; and second by proximal assessments of student engagement through self-reports and video observation. Students with high motivational-affective characteristics seem to perceive their learning environment as particularly supportive and experience high-quality teaching (Seidel, 2006; Lau and Roeser, 2008). Along with these positive perceptions, students with high motivational-affective characteristics are also more frequently cognitively and behaviorally engaged in learning activities independent of the level of their cognitive characteristics. They report high levels of elaborating and organizing information (Jurik et al., 2014), attention, and participation in learning activities and classroom talk (Lau and Roeser, 2008), and show especially high numbers of verbal interactions with teachers (Jurik et al., 2013). In contrast, students with low motivational-affective characteristics often perceive their learning environment in a negative way (Seidel, 2006; Lau and Roeser, 2008) and suffer from low engagement (Lau and Roeser, 2008; Jurik et al., 2013, 2014). These differences in engagement result in differential effects on student learning and achievement (Lau and Roeser, 2008; Linnenbrink-Garcia et al., 2012).

Diversity in terms of characteristic profiles shapes students' classroom experiences and engagement, and in turn, educational achievement. Therefore, it is argued that teachers need to be aware of these prototypical profiles if they want to effectively support student learning (Huber and Seidel, 2018). Moreover, to make appropriate educational decisions and take effective actions, teachers must also be able to correctly assess the complex combinations of cognitive and motivational-affective characteristics of individual students (Praetorius et al., 2017).




Teacher Judgment Accuracy of Student Characteristic Profiles

To date, research has focused mainly on how accurately teachers judge individual student characteristics, and less on how they assess the interplay of characteristics through student profiles. It is important to note, however, that the ability to achieve the former is a necessary precondition to performing the latter (Südkamp et al., 2018). According to meta-analyses, teachers make relatively accurate judgments of students' cognitive abilities (Machts et al., 2016) and achievement (Südkamp et al., 2012). The few studies that deal with judgment accuracy of motivational-affective characteristics showed that teachers are only somewhat able to accurately assess students' self-concept (Spinath, 2005; Praetorius et al., 2013; Urhahne and Zhu, 2015) and interest (Karing, 2009). Hence, teachers seem to have more difficulties assessing student motivational-affective characteristics than cognitive characteristics (Kaiser et al., 2013; Praetorius et al., 2017). Moreover, that teachers intermingle single student characteristics, for example, when prompted to assess achievement and motivation separately, indicates that they tend to perceive students holistically (Kaiser et al., 2013). As a result of this phenomenon, it is particularly important to focus on how teachers assess student profiles that combine cognitive and motivational-affective characteristics.

So far, few studies have addressed this issue. Two studies have shown that teachers tend to underestimate the extent of inconsistent profiles among their students (Huber and Seidel, 2018; Südkamp et al., 2018). Teachers seem to assume that cognitive and motivational-affective characteristics typically go hand in hand, and subsequently categorize their students simply as being average, below-average, or above-average (Huber and Seidel, 2018; Südkamp et al., 2018). However, when teachers are explicitly asked to assign students to consistent and inconsistent profiles—when the degree of inconsistency itself is not in question—it was shown that experienced teachers are more accurate in assessing inconsistent student profiles than student teachers, although a considerable amount of variance was apparent among experienced and student teachers alike (Seidel et al., 2020). These differences in judgment accuracy might originate from differences in the preceding judgment process (Loibl et al., 2020). Therefore, to understand why some teachers achieve high judgment accuracy when assessing student profiles while others fail to do so, it is necessary to investigate in more detail the processes of judgment formation. As research has focused predominantly on teacher judgment accuracy, far less is known about the cognitive and behavioral activities that drive the judgment process itself, especially when it comes to the connection between judgment process and judgment accuracy (Herppich et al., 2018; Karst and Bonefeld, 2020; Loibl et al., 2020).



Teachers' Process for Judging Student Characteristic Profiles

Judgment processes comprise behavioral and cognitive activities (Loibl et al., 2020). Since teaching is a vision-intense profession in which it is important to gain information by monitoring what is happening in the classroom (Carter et al., 1988; Gegenfurtner, 2020), the observation of students to gain information (i.e., behavioral activity) and the interpretation of this information to make decisions (i.e., cognitive activity) are likely to be relevant activities of judgment processes. The ability to succeed in these activities is recognized as a central component of a teacher's professional competence (Blömeke et al., 2015; Santagata and Yeh, 2016), and is often labeled as professional vision (Goodwin, 1994; van Es and Sherin, 2002, 2008; Sherin and van Es, 2009; Seidel and Stürmer, 2014). In psychological research, the so-called lens model, which is based on Brunswik's (1956) paradigm that humans observe and interpret information cues to make sense of their ambiguous environment, systematizes this idea. The model is regularly considered in other fields involving judgment formation such as social sciences, business science, and medicine (Cooksey et al., 1986; Funder, 1995, 2012; Kaufmann et al., 2013; Kuncel et al., 2013). It also receives attention in the educational field (Cooksey et al., 1986, 2007; Marksteiner et al., 2012; Thiede et al., 2015; Praetorius et al., 2017).

According to the lens model, teachers are required to observe and utilize—that is combine and interpret—several student behaviors (i.e., student cues) to inform themselves about student characteristics (Cooksey et al., 1986; Nestler and Back, 2013; Thiede et al., 2015). Therefore, the manifestation of student characteristics in specific observable student cues is a precondition to judgment. Such student cues are referred to as “diagnostic” (Funder, 1995; Thiede et al., 2015) or “ecologically valid” (Cooksey et al., 1986; Nestler and Back, 2013; Back and Nestler, 2016). In other words, accurate judgments depend on the observation and use of diagnostic student cues (Nestler and Back, 2013; Förster and Böhmer, 2017). To do so, teachers require a professional knowledge base, which allows them to connect student cues to underlying student characteristics (Funder, 1995, 2012; Meschede et al., 2017). In this sense, successful judgment processes represent an applied form of professional knowledge of teachers (Jacobs et al., 2010; Stürmer et al., 2013; Kersting et al., 2016; Lachner et al., 2016). Therefore, the lens model provides a suitable framework for the investigation of teachers' behavioral and cognitive activities in the process of accurately judging latent, and not directly observable, student profiles (Nestler and Back, 2013; Förster and Böhmer, 2017; Praetorius et al., 2017; Loibl et al., 2020).


Observation of Students as a Behavioral Activity in the Judgment Process

Eye movements are an indicator for teacher observation behavior (Gegenfurtner, 2020; Loibl et al., 2020), and fall into one of two categories: saccades and fixations. Saccades are fast movements in which the eye is turned for the purposes of bringing objects of interest in front of the fovea so that they can be seen sharply. Fixations are moments when the eye is relatively still and visual information is processed (Holmqvist et al., 2011; Krauzlis et al., 2017). The location of fixations, that is the object on which one fixates, as well as the number and duration of fixations on an object, are driven by top-down and bottom-up processes through declarative knowledge (e.g., knowing where to look for relevant information) and saliency of situational features that attract attention (e.g., student movements such as hand raising behavior or visual features as bright colored clothing), respectively (DeAngelus and Pelz, 2009; Schütz et al., 2011; Gegenfurtner, 2020).

Eye tracking—which measures where one is looking—is a relatively new method in educational science (Jarodzka et al., 2017). Nevertheless, some studies have already provided initial evidence concerning teachers' observation behavior. This evidence comes primarily in the form of comparisons between experienced and student teachers in the context of professional vision (Stürmer et al., 2017; Wyss et al., 2020), classroom management (van den Bogert et al., 2014; Cortina et al., 2015; Wolff et al., 2016), and teacher-student interactions (McIntyre et al., 2017, 2019; McIntyre and Foulsham, 2018; Haataja et al., 2019, 2020; Seidel et al., 2020). Overall, in comparison with student teachers, experienced teachers seem to show a more knowledge-driven pattern of eye movement, which represents selective viewing and fast information processing. Experienced teachers also focus more on areas that are rich in information and pay more attention to students than to other things in the classroom. Moreover, experienced teachers continuously monitor the classroom as a whole even if they are in the process of recognizing relevant events or interacting with individual students (van den Bogert et al., 2014; Cortina et al., 2015; Wolff et al., 2016; McIntyre et al., 2017, 2019; McIntyre and Foulsham, 2018; Wyss et al., 2020). Therefore, experienced teachers show a pattern of monitoring relevant areas with more fixations but shorter fixation durations (van den Bogert et al., 2014; Seidel et al., 2020), similar to experts in other domains (Gegenfurtner et al., 2011). So far, only one study has connected teachers' judgment accuracy with eye movements. Hörstermann et al. (2017) investigated primacy effects concerning the location of information cues in case vignettes for students' social background and performance. It was found that student teachers paid most attention to the information presented at the top left of the case vignettes. The type of information presented in this location, whether related to students' social background or performance, did not bias the accuracy of decisions concerning school track. The available research on teacher eye movement suggests that it can be an appropriate method for gaining additional information about teacher judgment processes. Therefore, it can be used to study, for example, whether teachers, who formed accurate student judgments as the result of a judgment process, also showed an “experienced” pattern of eye movement such as faster information processing, indicating a top-down driven process of advanced knowledge organization.



Utilization of Student Cues as a Cognitive Activity in the Judgment Process

In terms of accurately judging student profiles, teachers are required to assess student characteristics and their intra-individual consistency. In this case, several diagnostic student cues that point toward the level of cognitive and motivational-affective characteristics need to be used in combination. In particular, the intensity and content of engagement can be considered as relevant diagnostic student cues (see section Student engagement reflects student characteristic profiles for the connection of student profiles and student engagement). With intensity of student engagement, we refer to its level of presence. With regard to behavioral aspects, for example, rare hand-raising behavior represents lower intensity of engagement, while frequent hand-raising behavior represents higher intensity of engagement. By content of student engagement we refer to the level of knowledge and understanding that becomes apparent through student engagement. For example, when engaging verbally in teacher-student interactions, correctness of an answer or use of technical language represent the content of student engagement. To distinguish, for example, students with strong and overestimating profiles (Seidel, 2006) frequent hand-raising behavior (intensity of engagement) might be a diagnostic cue for a high level of self-concept (Böheim et al., 2020; Schnitzler et al., 2020), whereas incorrect answers (content of engagement) point toward low knowledge, and correct answers (content of engagement) indicate high knowledge (Thiede et al., 2015). Consequently, only if teachers utilize combinations of diagnostic student cues containing information about cognitive and motivational-affective characteristics, they may infer the correct student profile. Otherwise, profiles that share a similar level of cognitive (e.g., strong and underestimating) or motivational-affective characteristics (e.g., strong and overestimating) might be interchanged.

Empirical findings regarding the question of how well teachers are able to utilize diagnostic student cues are limited. In general, experienced teachers are much better able to interpret relevant classroom events than student teachers and beginning teachers (Sabers et al., 1991; Berliner, 2001; Star and Strickland, 2008; Meschede et al., 2017; Kim and Klassen, 2018; Keppens et al., 2019). This is due to an encapsulated knowledge structure along cognitive schemata which results from the integration of practical experiences with declarative knowledge (see for a current review on expertise development in domains that focus on diagnosing Boshuizen et al., 2020), allowing for fast information processing (Carter et al., 1988; Berliner, 2001; Kersting et al., 2016; Lachner et al., 2016; Kim and Klassen, 2018). However, differences in the abilities to interpret classroom events already appear among student teachers who had only limited opportunities to engage in teaching practice (Stürmer et al., 2016). When it comes to the explicit consideration of judgment processes, teachers seem to consider student background characteristics such as gender, ethnicity, immigration status, and socioeconomic status (SES) to assess students' cognitive and motivational-affective characteristics (Meissel et al., 2017; Praetorius et al., 2017; Garcia et al., 2019; Brandmiller et al., 2020). Moreover, teachers seem to rely on these rather unimportant and misleading student cues especially when they experience low accountability for their decisions (Glock et al., 2012; Krolak-Schwerdt et al., 2013). Additionally, student teachers tend to utilize as many student cues as available, irrespective of whether they are diagnostic or unimportant, while experienced teachers seem to do so only if available cues are inconsistent (Glock et al., 2013; Böhmer et al., 2015, 2017).

Only a small number of studies have investigated teachers' use of cues in connection with their judgment accuracy. For example, beginning teachers seem to be aware of diagnostic cues for detecting whether someone is telling the truth or lying when observing videos. However, cues were utilized in a way that led to inaccurate judgments (Marksteiner et al., 2012). Another study investigated the effect of the availability of different cues (only students' names; students' name and answers on practice tasks; and only students' answers on practice tasks) on the type of information used to assess students' performance on a set of mathematical tasks. Teachers were most accurate in assessing low performance if they knew only students' answers on the practice tasks because under this condition they used more answer-related, diagnostic information (Oudman et al., 2018). When analyzing which cues experienced and student teachers utilize to assess student profiles from video observation, prior findings indicate that these two groups do not differ in the number of student cues utilized. However, experts seem to use a broader range of cues, while student teachers tended to focus more on rather salient student cues, such as frequency of hand-raising (Seidel et al., 2020).

Based on the studies summarized above, it still remains quite unclear which student cues, diagnostic or unimportant, and which student cue combinations are utilized by teachers in everyday teaching to assess cognitive and motivational characteristics, not to mention their combination in student profiles (Glock et al., 2013; Praetorius et al., 2017; Huber and Seidel, 2018; Brandmiller et al., 2020). Furthermore, a link between judgment accuracy and judgment process remains to be established. For example, how do teachers, who succeed in assessing student profiles, differ from those who have difficulty doing so? Do they utilize student cues in a different way?




The Present Study

Against this background, the present study aimed to expand research on the connection between judgment accuracy and judgment process. Furthermore, we considered student diversity in terms of previously identified consistent and inconsistent student profiles as identified by Seidel (2006), and took into account observation of students and utilization of student cues as behavioral and cognitive activities, respectively, as drivers of judgment processes. In addition, we focused on student teachers and the differences previously determined to exist among this group. We addressed the following three research questions:

RQ1 concerning judgment accuracy:

a) How accurately can student teachers judge student profiles?

b) How does student teachers' judgment accuracy differ across student profiles?

c) Which student profiles do student teachers interchange predominantly?

Considering previous findings, we assumed that some student teachers would display high judgment accuracy while others would struggle to assign student characteristic profiles. We expected student teachers to assess consistent profiles with a high judgment accuracy and inconsistent profiles with a lower accuracy due to previous findings, which reported that teachers systematically underestimate the level of diversity among their students. Moreover, we assumed that they would interchange profiles that share the same level of cognitive characteristics but that differ in their motivational-affective characteristics, since teachers were previously found to be better able to assess cognitive characteristics with a higher accuracy.

To deepen our understanding on the interdependence of judgment accuracy and judgment processes we considered two process indicators—behavioral and cognitive activities.

RQ2 concerning observation of students as a behavioral activity:

Across different student profiles, what differences indicate high and low judgment accuracy in student teachers' eye movements

a) with regard to the number of fixations?

b) with regard to the average fixation duration?

We expected that student teachers with a higher judgment accuracy would show a pattern of a higher number of fixations with shorter average duration than those with low judgment accuracy.

RQ3 concerning utilization of student cues as a cognitive activity:

a) Which student cues do student teachers utilize to assess student cognitive and motivational-affective characteristics (student profiles)?

b) What combinations of student cues do student teachers with high and low judgment accuracy use to assess student cognitive and motivational-affective characteristics (student profiles)?

This research question was explorative, given its novelty. Nevertheless, we expected that student teachers with a high judgment accuracy would utilize combinations of diagnostic student cues that reflect both student cognitive and motivational-affective characteristics and point particularly to different student profiles.




METHODS


Participants

Forty-three student teachers (MAge = 21. 59; SD = 1.60; 62.8% female) participated in our study during their fourth semester of a bachelor's teacher training program at the Technical University of Munich. All participants enrolled in a program to become teachers in German high-track secondary schools for science and/or mathematics. We invited student teachers to participate in the study during one of their pedagogical courses. Participants received a 20 Euro voucher.



Procedure

The present study was conducted in line with the Ethical Principles of Psychologists and Code of Conduct of the American Psychological Association from 2017 (APA American Psychological Association, 2017). Participants have been assured that their data will be used in accordance with the data protection guidelines and analyzed for scientific purposes only. They gave informed consent before participation.

Data collection took place in the university laboratory. At the study's outset, participants were familiarized with previously identified student profiles (Seidel, 2006): individual student cognitive and motivational-affective characteristics, as well as their interplay in the form of profiles (strong, struggling, overestimating, underestimating, and uninterested), were illustrated. This included descriptions of each student characteristic avoiding student cues that might be observable in classrooms. Next, to make participants familiar with the classroom environment and the lesson topic, they watched a short video trailer (2:30 min) showing the class in question.

Participants then encountered the assessment situation of this study. We instructed participants to assess the profiles of five target students shown in an 11-min video. Each target student was marked with a random letter (B, E, K, P, T), so that participants were always aware of them (Figure 1). While participants watched the video, eye tracking was conducted. Finally, participants were asked to assign a profile to each target student. In doing so, they were also asked to voluntarily indicate, in an open answer format, the student cues they had utilized for their assessment. Each student profile could only be assigned once.


[image: Figure 1]
FIGURE 1. Video stimulus used for eye-tracking analysis. This is an exemplary screenshot of the classroom and areas of interest (AOI) used. AOIs are only marked for the purposes of illustration in this paper, and were not visible to participants. Faces are also blurred for presentation in the publication to ensure the protection of data privacy; faces were visible to participants during the study and when drawing the AOIs. Students were marked with letters that did not refer to any underlying profile: B, E, K, P, and T. This figure was previously published as “Video stimulus for eye movement analysis” by Seidel et al. (2020) and is licensed under CC BY 4.0. The original figure was changed by adding the Table in the lower part.



Video Stimulus

The video presented during the assessment stemmed from a previous study on teacher–student interactions in classrooms (Seidel et al., 2016), and showed an eighth grade mathematics lesson in a German high-track secondary school in which a new topic was being introduced. The video consisted of two segments. The first segment showed a teacher describing a task to be accomplished in a subsequent individual work phase. The second segment showed students sharing their results with the teacher after the individual work phase. The individual work itself was not included in the video stimulus; instead, a short text informed participants when students were working on the individual task. Both segments comprised several scenes of students listening to their teacher's lecture, and of students interacting with their teacher in a classroom dialogue. Details about the video segments and scenes are provided in Figure 1.

Each target student represented one student profile (strong, struggling, overestimating, underestimating, and uninterested). The students' profiles were empirically determined in a previous video study from which the video stemmed (Seidel et al., 2016). We carefully selected the five target students to best represent a particular student profile with regard to observable student cues. To achieve this, three researchers involved in the present study ranked the students independently in terms of their representation of the identified student profile.



Apparatus

We recorded participants' eye movements with the SMI RED 500 binocular remote eye tracker using Experiment Center software version 3.7 (SMI, 2017b) on a 22-inch display monitor and at a sampling frequency of 500 Hz. Eye tracking conditions were standardized for all participants. Light conditions were kept stable by closing the window blinds and using ceiling lighting. Participants were positioned 65 cm in front of the eye tracker. To increase the precision of eye tracking, a height-adjustable table was used in combination with a chin rest to ensure that the equipment was adjusted to each individual participant, and prevented them from performing strong (head) movements (Nyström et al., 2013). Moreover, before beginning eye tracking, a 9-point automatic calibration followed by a validation was implemented to ensure data quality.




Measurements


Judgment Accuracy

To measure judgment accuracy, participants received one accuracy point if the assigned profile matched the underlying data-driven profile, or no point (wrong profile assigned) for each of the five target students. Moreover, the points for each profile were added up across all profiles. The participants could therefore receive between 0 and 5 points overall. Since each profile could only be assigned once, when four correct assignments were made, the fifth profile would result from exclusion, and the overall judgment accuracy score was recoded to range from 0 (no correct assignment) to 4 (only correct assignments).



Student Observation

To assess teachers' observation behavior we used eye movement data. To ensure high quality of these data, we set two thresholds. First, the tracking ratio had to be at least 90%. Second, the deviations on the horizontal x-axis and vertical y-axis during validation of the calibration process were not allowed to exceed 1° (Holmqvist et al., 2011). Due to these quality criteria, eye movement data were processed for n = 32 (74.4%) of the participants with an average tracking ratio of 96% and average deviations on the x-axis = 0.49° and y-axis = 0.56°. We defined each of the five target students as one dynamic area of interest (AOI) using the BeGaze software version 3.7 (SMI, 2017a) to capture eye movement related to each (Figure 1). The exactness of the drawn AOIs was ensured throughout the whole video by making manual adjustments to the AOIs whenever needed, for example when a student leaned over toward their neighbor. To identify fixations in participants' eye movements, we used the default velocity-based algorithm as recommended by Holmqvist et al. (2011) and implemented in previous eye tracking studies (Wolff et al., 2016). Thus, the fixation count (i.e., number of fixations on one AOI) and the average fixation duration (i.e., the average length of one fixation within one AOI) were assessed in relation to each of the target students.



Student Cue Utilization

To assess the student cues utilized, we coded participants' open answers to the question of which cues they had observed and utilized to assess student characteristics profiles. This question was asked separately for each target student. Thus, participants could provide between zero and five answers because answering this question for every target student was voluntary. Nevertheless, the majority of participants (n = 27, 62.8%) had indicated cues for at least one student profile, resulting in 124 answers. These answers were equally distributed across the five profiles. Most answers were provided as lists of single student cues separated by semicolons or bullet points. Therefore, we chose these single student cues as units of analysis for coding, resulting in 376 units. Two researchers coded these units inductively, resulting in a final coding scheme of 26 single codes (Table 1) for which they reached a high interrater agreement (κ = 0.93 for segment comparison with a minimum code intersection rate of 95% at the segment level). Based on research on student engagement (Fredricks et al., 2004, 2016a,b; Appleton et al., 2008; Rimm-Kaufman et al., 2015; Sinatra et al., 2015; Lam et al., 2016; Chi et al., 2018; Böheim et al., 2020), we then clustered the single codes in five categories, namely (1) behavioral, (2) cognitive, and (3) emotional engagement, pointing toward the intensity of student engagement; (4) knowledge, which represents the content of student engagement; and (5) student confidence.


Table 1. Coding scheme for student cues and their relative frequency.
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Data Analysis


Judgment Accuracy

To investigate student teachers' judgment accuracy, we applied a mixture of descriptive and non-parametric testing, first by visually inspecting the distribution of judgment accuracy scores. Second, a Friedman test for repeated measures with Dunn-Bonferroni post-hoc comparisons corrected for multiple comparisons was calculated to examine whether participants differed in their judgment accuracy among student profiles. This non-parametric procedure was chosen because accuracy scores on profile level could only take on the values of zero (incorrect assessment) and one (correct assessment). Thus, they deviated strongly from a normal distribution. Finally, we descriptively investigated which profiles student teachers interchanged most frequently with one another to determine which profiles were difficult to distinguish.



Observation of Students

To investigate whether student teachers with low and high judgment accuracy differed in fixation count and average fixation duration, we summed up the fixation counts and averaged the fixation durations for each target student. To investigate the effects of high vs. low judgment accuracy on these variables, we split the whole sample along the median of the overall accuracy score and identified the two subgroups accordingly (Iacobucci et al., 2015a,b). This resulted in a group of n = 21 with low judgment accuracy (Mjudgment accuracy = 1.14, SD = 0.73) and a group of n = 22 with high judgment accuracy (Mjudgment accuracy = 3.27, SD = 0.46). These two subgroups differed significantly from one another in their judgment accuracy [T(33.35) = −11.45, p < 0.001]. High-quality eye tracking data were available for n = 17 low accuracy and n = 15 high accuracy student teachers. We calculated a series of unpaired t-tests to compare the number of fixations and the average fixation duration between student teachers with low and high judgment accuracy for each student profile (see Table 2 for intercorrelations). Here, we used Bonferroni adjusted p-values for multiple testing to consider alpha error accumulation.


Table 2. Intercorrelations for fixation count and average fixation duration across student profiles.
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Student Cue Utilization

To identify which student cues participants used to assess student profiles, we inspected the relative frequencies of the inductively derived codes.

To investigate differences in cue utilization among student teachers with either high or low judgment accuracy, we compared whether the two groups used different combinations of student cues to infer student profiles. To achieve this, we again compared the median split subgroups. Of these, n = 11 student teachers with low judgment accuracy and n = 16 student teachers with a high judgment accuracy had provided at least one answer to the question of which student cues they had used to assess a specific student profile. To investigate how both groups of student teachers used cue combinations in this context, we applied an epistemic network analysis (ENA, Shaffer et al., 2009, 2016; Shaffer and Ruis, 2017; Csanadi et al., 2018; Wooldridge et al., 2018) using ENA Web Tool version 1.7.0 (Marquart et al., 2018). ENA is a graph-based analysis that allows for modeling of the structure and strength of co-occurrences of a relatively small number of elements in a network (see for examples of this kind of analysis Andrist et al., 2015; Csanadi et al., 2018; Wooldridge et al., 2018). In general, the size of network nodes corresponds to the importance of that element in the network, and the strength of the connection between two elements represents the frequency of their combination (see Figure 2 for prototypical networks). Thus, ENA allowed us first, to investigate which single student cues co-occurred within answers to the question of which cues had been utilized, and second, whether teachers with low and high judgment accuracy differed in the way they combined student cues to assess student characteristics profiles.


[image: Figure 2]
FIGURE 2. Prototypical networks from epistemic network analysis. These are prototypical networks for two groups, A (blue) and B (red). Each node of the network represents a code. The size of the nodes represents the occurrence of single codes. The bigger a node, the more often the respective code appeared. The thickness of the connections between the nodes represents the co-occurrences of codes. The thicker the connecting line, the more often the respective codes co-occurred. If codes did not co-occur, they remain unconnected. A subtracted network illustrates the comparison between networks A and B. The color and strength of the connecting lines indicate for which group specific codes co-occurred more often. A network centroid summarizes the structure of a network in one point.


ENA is based on three core entities. The first entity consists of the codes for which one wants to investigate co-occurrences. In this study, predominantly reported student cues were used as codes. Therefore, we included cues that accounted for more than 3% of all codings (see Table 1 for the included cues). The second entity refers to the unit of analysis, which defines the object of ENA, for which we used judgment accuracy (low vs. high) and student profile (strong, struggling, overestimating, underestimating, and uninterested). Hence, within each group of low and high judgment accuracy, one network per student profile was constructed. Third, stanza determines the proximity that codes must have to one another in order to be considered as co-occurring. In our case, each of the 124 answers to the question of which cues student teachers had utilized to assess the profile of student B/E/K/P/T were defined as stanzas. Hence, ENA took only code co-occurrence within single answers into account. For example, to create a network for the strong profile within the group with a high judgment accuracy, the only cues used were those coded for that particular group's responses when asked which cues they had used to assign a profile to student “P.”

To create networks, one adjacency matrix was created for each stanza, indicating whether each of all possible code combinations was present or absent in a particular stanza. In our case, for every answer, one matrix was constructed to indicate whether combinations of student cues were present or absent. These adjacency matrixes were then accumulated for each unit, representing the number of stanzas for which each student cue combination was present. Each cumulative adjacency matrix was then converted into an adjacency vector. Thus, a high-dimensional space is created in which each dimension represents a specific combination of student cues. These vectors may vary in their length, because for some student profiles more or fewer answers were available than for others. To account for these differences, the adjacency vectors were spherically normalized to represent relative frequencies of student cue combinations. Next, the high-dimensional space was reduced to a low-dimensional projected space via mean rotation—to maximize the differences between the two groups of student teachers with low and high judgment accuracy—and singular value decomposition (SVD), a method similar to principal component analysis that reduces the number of dimensions to those that explain most variance in the data. ENA represents each network in the low-dimensional projected space both by a single point, which locates that unit's network centroid (a summary of the structure of its connections), and a weighted network graph. To visualize the network graphs, we chose mean rotation as the x-axis and the singular value that explains most of the variance in the data as the y-axis. The network graphs were then visualized using nodes and edges. Nodes correspond to the student cues. Their position is fixed due to an optimization routine that minimizes deviations between the plotted points and the respective network centroids. A correlation was estimated for the relation between the centroids and the projected points as a measure of model fit. Edges represent the relative frequency of co-occurrences of the cues (Andrist et al., 2015; Shaffer et al., 2016; Shaffer and Ruis, 2017).

These ENA characteristics allow quantitative and qualitative comparisons of networks for single participants or groups, as is the case in our study. Specifically, we compared the location of the network centroids for the two groups of low and high judgment accuracy student teachers with t-tests along the x- and y- axes and inspected so-called subtracted networks (see Figure 2 for a prototypical subtracted network). Subtracted networks visualize the differences between two networks and compare which code co-occurrences were more frequent in which network. The edges are color-coded accordingly and indicate in which group the code combination occurred more frequently. This visualization allows a qualitative comparison of code co-occurences between our two groups but does not test whether these differences are significant.





RESULTS


Judgment Accuracy

To investigate student teachers' judgment accuracy the distribution of student teachers' overall judgment accuracy score is depicted in Figure 3. Student teachers had an average judgment accuracy score of 2.23 (SD = 1.23) across all profiles. This distribution indicates that student teachers differ substantially in their judgment accuracy. Roughly one half of the participants assessed three or five student profiles correctly and gained an accuracy score of three or four points, while the other half showed difficulties in accurately assigning student profiles.


[image: Figure 3]
FIGURE 3. Distribution of overall judgment accuracy score.


A significant Friedman test [χ2(4) = 25.53, p < 0.001] indicated that student teachers' judgment accuracy differed among student profiles. As shown in Figure 4, the following descending order was identified for average judgment accuracy at profile level: Uninterested, struggling, underestimating, strong, and overestimating. Results of the post-hoc tests (Table 3) suggest that student teachers tended to assign students to the uninterested (M = 0.67, SD = 0.47) and the struggling profile (M = 0.65, SD = 0.48) with a similarly high accuracy. Moreover, these profiles were clearly judged more accurately than the underestimating (M = 0.40, SD = 0.49), the strong (M = 0.35, SD = 0.48), and the overestimating (M = 0.30, SD = 0.46) ones. However, none of these differences reached significance when correcting for multiple comparisons.


[image: Figure 4]
FIGURE 4. Average judgment accuracy across student profiles.



Table 3. Post-hoc tests comparing judgment accuracy among student profiles.
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Regarding student teachers' difficulties in distinguishing students with certain profiles from one another, our descriptive analysis yielded three main findings (Figure 5). First, the strong and overestimating profiles were most often “mixed up,” or interchanged. The strong profile was even more often assigned to the overestimating student (65.1%) than to the strong one (34.9%). Similarly, the overestimating profile was more often assigned to the strong student (51.2%) than to the overestimating one (30.2%). Second, the struggling and the underestimating profiles were also frequently interchanged. Of the participants, 20.9% assigned the underestimating profile to the struggling student and 32.6% assigned the struggling profile to the underestimating student. Third, the profiles of lower motivational-affective characteristics—struggling, underestimating, and uninterested—were also sometimes confused. These findings suggest that motivational-affective characteristics seem to outshine cognitive characteristics; profiles with similar motivational-affective characteristics were frequently interchanged with one another (for example strong and overestimating) while profiles with different motivational-affective characteristics were rather clearly distinguished (for example strong and struggling).


[image: Figure 5]
FIGURE 5. Relative frequencies of correct assessments (black columns) and interchanged student profiles (gray shaded columns).




Differences in Eye Movements

Descriptive statistics for student teachers' fixation counts and average fixation durations, as well as t-test results regarding differences in these variables between high and low judgment accuracy, are presented in Table 4. When comparing means for both groups descriptively, student teachers with a high judgment accuracy displayed the anticipated pattern. They had higher fixation counts on each student besides the struggling one, and showed shorter average fixation durations on each of the target students than student teachers with low judgment accuracy. T-tests indicated that student teachers with high judgment accuracy had more fixations on the overestimating [t(30) = −2.72, p = 0.011] student and showed shorter average fixation durations for the strong [t(30) = 2.21, p = 0.035] and underestimating student [t(30) = 2.52, p = 0.017]. However, when adjusting for multiple comparisons, these differences were no longer significant. According to this, there are only minimal differences in the expected direction between the two groups that exist on a purely descriptive level and inferential statistics do not support our assumptions.


Table 4. T-test comparisons for fixation count and average fixation duration for student teachers with high and low judgment accuracy.
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Differences in Student Cue Utilization

Student teachers reported a variety of cues, referring to the intensity of student behavioral, cognitive, and emotional engagement (18 cues in total), as well as to level of knowledge as the content of student engagement (6 cues in total), and to confidence (2 cues; Table 1). Thus, student teachers reported the use of more diverse cues concerning intensity of engagement than content of engagement. Relative frequencies demonstrated predominantly used cues were observations of general class participation, hand-raising behavior, preoccupation with things other than the lecture, and inattention, as well as the quality of verbal contributions, general understanding of the subject matter, and lack of confidence. Therefore, student teachers seemed to focus on diagnostic student cues when assigning student profiles.

For the epistemic network analysis, Table 5 gives a descriptive overview on the usage of the different student cues between participants with a low and high judgment accuracy across the five student profiles.


Table 5. Absolut and relative frequencies of utilized student cues for student teachers with high and low judgment accuracy across student profiles.
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Our epistemic network model had a good fit with the data with Spearman and Pearson correlation being equal to 1.00 both for our x-axis and y-axis. Figure 6 presents a comparison of the networks between student teachers with high and low judgment accuracy. It depicts the network centroids for both groups as squares and for each profile as points. The closer the centroids are located to one another, the more similar the network structures. In our case, the centroids of student profiles that were often interchanged are located more closely to one another than those that were not frequently interchanged. Specifically the centroids of the struggling, underestimating, and uninterested profiles are in local proximity, as are those of the strong and overestimating profiles, indicating that interchanges between student profiles are reflected in similar network structures. For the comparison of network centroids of student teachers with low and high judgment accuracy, we found significant differences along the x-axis [t(5.21) = −3.60, p = 0.01, d = 2.28]. Deviation on the y-axis was non-significant [t(8.00) = 0.00, p = 1.00, d = 0.00]. Thus, in general, the networks for both groups differed from one another.


[image: Figure 6]
FIGURE 6. Comparison of mean networks between student teachers with high and low judgment accuracy. High, High judgment accuracy (blue); Low, Low judgment accuracy (red). The figure presents the location of the centroids of the mean networks for HA and LA student teachers as squares. Centroids of the networks for each student profile are presented as points. The closer the centroids are located to one another, the more similar the network structures. The X-axis represents mean rotation, and the Y-axis represents the singular value that explains most of the variance in the data. Explained variance on the X-axis and Y-axis are 7.3 and 38.8%, respectively.


The qualitative inspection of subtracted networks for each student profile, however, provided a detailed picture of how both groups differed in their use of combinations of student cues. Networks from student teachers with low and high judgment accuracy for all student profiles are shown in Figures 7–11. Each of these figures presents networks for high judgment accuracy participants in part (a), networks for low judgment accuracy participants in part (b), and subtracted networks for group comparison in part (c). For the purposes of our analyses, we first described for each student profile the dominant pattern of student cues for participants with low and high judgment accuracy and make relations of the student cues to underlying motivational and cognitive characteristics. Second, we inspected the subtracted networks to identify differences in the utilization of student cues, meaning differences in which student cues were reported in combination with one another, between student teachers with high and low judgment accuracy.


[image: Figure 7]
FIGURE 7. Comparison of networks for strong student profile between student teachers with high and low judgment accuracy. (A) Depicts the network of the strong student profile for student teachers with high accuracy. (B) Depicts the network of the strong student profile for student teachers with low accuracy. (C) Shows the comparison of both networks. Here, the color of connections indicates which group utilized the respective code combination more frequently. In order to make the characteristics of the individual networks clearly visible and to make the differences visually easier to recognize, minimum edge weight and scale for edge weight were set to 0.1 and 1.3, respectively.


Networks for the strong student profile are shown in Figure 7. Both, student teachers with high and low judgment accuracy, focused heavily on a combination of two student cues to diagnose this profile—frequent hand raisings (intensity of engagement) and high quality of answers (content of engagement). As shown in the subtracted network [part (c) in Figure 7], the group of student teachers with a low judgment accuracy differed in that they also reported many other combinations of student cues of which some contradicted the strong student profile (e.g., no hand raisings and preoccupation with things other than the lecture). Hence, high accuracy student teachers seem to use predominantly combinations of student cues which are clearly pointing to a strong profile while low accuracy student teachers indicated many different cue combinations that did not clearly refer to the strong profile.

Regarding the struggling student profile (see Figure 8), both groups used a pattern of three student cues for their judgment—an unconfident appearance combined with the avoidance of hand-raisings (intensity of engagement) and low quality of verbal contributions (content of engagement). Differences in these patterns are shown in part (c) in Figure 8. Those with a high judgment accuracy took also into account that the student showed a low level of general participation in the learning activities while those with a low judgment accuracy seem to rate the quality of the verbal contributions as high using this as a cue for their judgment. Thus, student teachers with a high judgment accuracy utilized combinations that unambiguously indicate a struggling student profile whereas those with a low judgment accuracy may have made a false assessment by perceiving the answers as being of high quality which might not be indicative of a struggling profile.


[image: Figure 8]
FIGURE 8. Comparison of networks for struggling student profile between student teachers with high and low judgment accuracy. (A) Depicts the network of the struggling student profile for student teachers with high accuracy. (B) Depicts the network of the struggling student profile for student teachers with low accuracy. (C) Shows the comparison of both networks. Here, the color of connections indicates which group utilized the respective code combination more frequently. In order to make the characteristics of the individual networks clearly visible and to make the differences visually easier to recognize, minimum edge weight and scale for edge weight were set to 0.1 and 1.3, respectively.


For the overestimating student profile (see Figure 9), student teachers with high and with low judgment accuracy relied mostly on a combination of three student cues—frequent hand-raisings, general active class participation (intensity of engagement), and high-quality of answers (content of engagement). The combination of these student cues is not a diagnostic feature of an overestimating profile, but rather of a strong one. As shown in the subtracted network [part (c) in Figure 9], high accuracy student teachers also used a variety of other cue combinations. Some of them captured aspects of an overestimating profile, such as making low quality verbal contributions. These other combinations might be important for high accuracy student teachers to assess the overestimating profile correctly.
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FIGURE 9. Comparison of networks for overestimating student profile between student teachers with high and low judgment accuracy. (A) Depicts the network of the overestimating student profile for student teachers with high accuracy. (B) Depicts the network of the overestimating student profile for student teachers with low accuracy. (C) Shows the comparison of both networks. Here, the color of connections indicates which group utilized the respective code combination more frequently. In order to make the characteristics of the individual networks clearly visible and to make the differences visually easier to recognize, minimum edge weight, and scale for edge weight were set to 0.1 and 1.3, respectively.


In terms of the underestimating student profile (see Figure 10), both groups utilized a pattern of four student cues: An unconfident appearance combined with avoidance of hand-raisings but high participation in learning activities (intensity of engagement), and understanding of the topic (content of engagement). The subtracted network [part (c) in Figure 10] illustrates that in comparison high accuracy student teachers focused more on the general high participation and high quality of contributions while those with a low judgment accuracy combined the student cue of no hand-raisings with many other cues. Again, the main pattern of high accuracy student teachers seems to be a diagnostic feature for the student profile to be diagnosed. The variety of cue combinations of the low accuracy group, on the other hand, did not allow for a conclusive profile assessment.
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FIGURE 10. Comparison of networks for underestimating student profile between student teachers with high and low judgment accuracy. (A) Depicts the network of the underestimating student profile for student teachers with high accuracy. (B) Depicts the network of the underestimating student profile for student teachers with low accuracy. (C) Shows the comparison of both networks. Here, the color of connections indicates which group utilized the respective code combination more frequently. In order to make the characteristics of the individual networks clearly visible and to make the differences visually easier to recognize, minimum edge weight and scale for edge weight were set to 0.1 and 1.3, respectively.


To identify the uninterested student profile (see Figure 11), both groups relied on a combination of two student cues: preoccupation with things other than the learning activities and an absent gaze (intensity of engagement). As shown in the subtracted network [part (c) Figure 11], the low judgment accuracy group also reported combinations of other cues indicative for a low motivation (e.g., being inattentive). Hence, both groups utilized cue combinations that are diagnostic features of the uninterested profile. However, the high accuracy group focused on a combination specific to this profile, while the low accuracy group also included cues utilized to assess other profiles.
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FIGURE 11. Comparison of networks for uninterested student profile between student teachers with high and low judgment accuracy. (A) Depicts the network of the uninterested student profile for student teachers with high accuracy. (B) Depicts the network of the uninterested student profile for student teachers with low accuracy. (C) Shows the comparison of both networks. Here, the color of connections indicates which group utilized the respective code combination more frequently. In order to make the characteristics of the individual networks clearly visible and to make the differences visually easier to recognize, minimum edge weight and scale for edge weight were set to 0.1 and 1.3, respectively.





DISCUSSION

With the present study we aimed to connect teachers' judgment accuracy to preceding judgment processes. Therefore, we investigated student teachers' accuracy in assessing student profiles, which represent the diversity of students' cognitive and motivational-affective characteristics. Moreover, we explored the differences between student teachers with high and low judgment accuracy to shed light on the process of forming accurate judgments. Therefore, we considered eye movements when observing students as a behavioral activity associated with judgment processes and utilization of combinations of student cues as a cognitive activity.


Student Teachers' Differ in Judgment Accuracy of Student Characteristics

As part of our first research question, we investigated how accurately student teachers can judge student profiles overall, whether they vary in their accuracy across different student profiles, and which of the student profiles they interchange most frequently. In line with our assumptions and previous findings on student teachers' ability to interpret classroom events (Stürmer et al., 2016), the participating student teachers differed substantially in their judgment accuracy. One half assessed most of the student profiles correctly, while the other half struggled to do so. We had expected that student teachers would be more accurate in judging consistent profiles (strong, struggling) than inconsistent ones (overestimating, underestimating, uninterested) since teachers generally seemed to overestimate the level of consistency among their students (Huber and Seidel, 2018; Südkamp et al., 2018) and tended to intermingle cognitive and motivational-affective characteristics (Kaiser et al., 2013). Student teachers succeeded particularly well in recognizing the uninterested (inconsistent) and struggling (consistent) profiles, while they showed difficulties in identifying the strong (consistent), overestimating, and underestimating (inconsistent) student profiles. Hence, our assumption were partially disconfirmed.

This result can be explained with our exploration of the most frequent interchanges of student profiles. First, the uninterested and struggling student were less often interchanged with the other profiles resulting in a higher accuracy for these students. Regarding the uninterested profile, which was surprisingly accurately assessed despite its inconsistency, it can be assumed that this was because the student showed clear, easily observable cues that made judgment easy compared to the other profiles. Second, the strong and overestimating students were often interchanged, resulting in a low judgment accuracy for both profiles. Third, the student with the underestimating profile was often thought to be struggling or uninterested, also leading to low judgment accuracy. Hence, participants tended to interchange student profiles with similar levels of motivational-affective characteristics. This means that our student teachers were quite capable of assessing whether students were interested and feeling competent. However, assessing the level of cognitive characteristics appeared to be more challenging for them. This is somewhat surprising, as previous research findings have indicated that teachers have more difficulty in correctly assessing the motivation of their students than in assessing their achievement. So far it has been assumed that this is because student motivation is not directly observable, but must rather be inferred from the intensity of student engagement (Kaiser et al., 2013; Praetorius et al., 2017). For example, the level of student self-concept must be concluded based on hand-raising behavior (Böheim et al., 2020; Schnitzler et al., 2020). Moreover, it was previously assumed that classroom activities in general lack opportunities to observe student motivation (Kaiser et al., 2013). Thus, our results highlight student teachers' assessment competence. Although participants were unfamiliar with the students and had only limited opportunity to observe them via a relatively short video vignette as a proxy for real classroom teaching, some were already quite able to observe student engagement in a professional manner and thereby form correct judgments about student motivation. This is especially remarkable as our student teachers, only recently started to acquire declarative (pedagogical) knowledge (Shulman, 1986, 1987). Furthermore, they had only a few opportunities to gain the teaching experience necessary to the development of advanced knowledge structures that allow for the application of a professional knowledge base toward specific teaching situations (Carter et al., 1988; Berliner, 2001; Kersting et al., 2016; Lachner et al., 2016; Kim and Klassen, 2018).

However, the question remains as to why participants struggled to assess the level of cognitive characteristics. One possible reason may be that our video vignette did not provide enough opportunities to observe the content of student engagement. Another reason may be that the situations in which content of student engagement became salient were not sufficiently selective, and therefore differences in performance were not visible. Here, especially the observation of individual work that we did not show in the video could have been an important source of information containing other student cues about student cognitive characteristics. Hence, future research might systematically vary the available student cues with regard to the inclusion of information about intensity and content of engagement. Moreover, triangulation with qualitative analyses, like think-aloud protocols, could provide deeper insights into the conditions under which teachers experience either sufficient or limited availability of information about student cognitive and motivational-affective characteristics.



High Judgment Accuracy Relates Minimally to a More “Experienced” Pattern of Eye Movements When Observing Students

Our second research question investigated whether the eye movements of student teachers with a high judgment accuracy differed from those of student teachers with low judgment accuracy. To this end, we focused on the number of fixations and the average fixation duration. Here, a higher number of fixations and shorter average fixation duration represented an “experienced” pattern typical to expert teachers (Gegenfurtner et al., 2011; van den Bogert et al., 2014; Seidel et al., 2020). On a descriptive level we found the expected pattern, those student teachers with a low judgment accuracy showed slight tendencies to fixate the target students on average less often and for a longer time, a pattern typical for student teachers. In contrast, student teachers with a high judgment accuracy displayed an eye movement pattern minimally more similar to experienced teachers, with more fixations and a shorter average fixation duration. Overall, most of these differences were non-significant when correcting for multiple comparisons and therefore results must be interpreted with caution. Nevertheless, our findings make it likely that higher judgment accuracy might be associated with an “experienced” pattern of eye movements, which is an indicator for knowledge-driven observation and rapid information processing (Gegenfurtner et al., 2011; van den Bogert et al., 2014; Seidel et al., 2020). Our findings therefore show that eye movements are a relevant behavioral activity during judgment processes that allow for inferences about the accuracy of judgment formation. Thus, we expand upon the research of teachers' eye movements and emphasize its potential for investigation of issues other than those associated with classroom management. Since teaching is a vision-intense profession that requires teachers to regularly infer information from observing their classrooms (Carter et al., 1988; Gegenfurtner, 2020), the systematic investigation of eye movements might provide insights into different competencies of professional teachers. In terms of assessing teacher competence, future research might also investigate how (student) teachers distribute their gaze across different students and search for information. For example, do teachers with a higher judgment accuracy regularly check upon all of the students, or do they start to observe some students more intensively until they form a decision about their profile, and then move on to the next student for the purposes of profile assessment?



High Judgment Accuracy Relates to a Utilization of Particular Combinations of Diagnostic Student Engagement Cues

Our third research question was explorative in nature and followed the call of previous research to investigate which student cues teachers utilize to assess cognitive and motivational-affective characteristics, as well as their combination within individual students (Glock et al., 2013; Praetorius et al., 2017; Huber and Seidel, 2018; Brandmiller et al., 2020). Therefore, we investigated which student cues student teachers utilized to assess student characteristic profiles. Moreover, we aimed to identify differences in student cue utilization of student teachers with high and low judgment accuracy based on the assumptions of the lens model (Brunswik, 1956; Funder, 1995, 2012). In other words, accurate judgments of latent student characteristics depend on inference of intensity and content of student engagement as diagnostic cues for student motivation and cognitive characteristics. For the purposes of investigation, we applied the relatively new method of epistemic network analysis, which enabled us to gain detailed insights in how student teachers combined student cues to form judgments.

As outlined in our theory section (student) teachers need to observe and utilize student cues, which are diagnostic and provide information both about students' cognitive and motivational-affective characteristics, to assess student characteristic profiles accurately. According to our inductive coding of reported student cues, in general student teachers utilized diagnostic cues to assess student profiles. This means that they considered a mixture of student cues containing information about the intensity and content of student engagement, which relate back to student cognitive and motivational-affective characteristics. These were first and foremost the intensity and content of student behavioral engagement (Fredricks et al., 2004). Student teachers took into account in particular whether students showed general participation in learning activities, whether they raised their hands to contribute to classroom dialogue, and also considered the quality of students' verbal contributions frequently. That student teachers dominantly rely on such diagnostic student cues, contradicts previous research which showed that teachers also take into account misleading or unimportant information like student gender, ethnicity, immigration status, and SES in their assessment of student characteristics (Meissel et al., 2017; Praetorius et al., 2017; Garcia et al., 2019; Brandmiller et al., 2020). However, these studies used text vignettes to provide teachers with specific information about target students. Hence, our implementation of a video vignette as another proxy to everyday teaching, which contains rich information about students' engagement, might complement these prior findings, because teachers' utilization of student cues depends on availability of information, which differs between text vignettes and classroom videos (Funder, 1995, 2012). Thus, future research might systematically investigate the role of the stimulus (video or text vignette) and the amount and diversity of available information in teachers' use of diagnostic cues and ignorance of misleading ones. Additionally, our participants reported more diverse student cues with regard to the intensity of engagement than content of student engagement. This finding might explain why student teachers struggled to assess the level of student cognitive characteristics. The available student cues may have not contained diverse enough information to allow for a differentiation of student cognitive characteristics. For example, although student teachers considered the quality of student verbal contributions, they might not have provided deep insights into student knowledge because the video stemmed from an introductory lesson. The teacher's questions might have been rather easy so that most of the students were able to answer them correctly and could follow instructions. Other sources of information like students' solutions to mathematical tasks might contain more sufficient information to assess students' cognitive characteristics. Hence, upcoming studies might investigate which sources of information provide teachers with cues that allow for a differentiation between students in terms of cognitive and motivational-affective characteristics. Overall, here we provide promising findings, in that student teachers are already able to observe and utilize diagnostic student cues.

Results from our epistemic network analysis pointed toward systematic differences in how student teachers with low and high judgment accuracy combined student cues. As we had expected, student teachers with a high judgment accuracy seemed to utilize combinations of student cues of intensity and content of engagement that were diagnostic features of particular student profiles. In contrast, those student teachers with a low judgment accuracy also relied on diagnostic student cues but seemed to utilize many different cue co-occurrences for each student profile, including misleading combinations. For example, to identify the struggling profile, both groups focused on combinations of an unconfident appearance, avoidance of hand-raisings (intensity of engagement), and low quality of answers (content of engagement). However, some student teachers with a low judgment accuracy seemed to rate the quality of the verbal contributions at the same time as high probably affecting their assessment and leading to incorrect judgments due to this misleading student cue. This overlaps with previous research, which reported that student teachers try to use as much information as possible to form judgments, while experienced teachers select the most relevant information (Böhmer et al., 2017). In this sense, student teachers with a high judgment accuracy seemed to have already developed a professional skill in that they were able to observe diagnostic student cues, utilize the relevant co-occurrences of these cues, and correctly infer student profiles. In terms of the development of teachers' professional vision, it can be assumed that student teachers with a high judgment accuracy are already able to apply their acquired declarative knowledge to assess student profiles from observation (Jacobs et al., 2010; Stürmer et al., 2013; Kersting et al., 2016; Lachner et al., 2016). Conversely, those with a low judgment accuracy struggle to recognize relevant information, as is quite typical of student teachers and beginning teachers (Carter et al., 1988; Berliner, 2001; Star and Strickland, 2008; Kim and Klassen, 2018; Keppens et al., 2019).

Another interesting finding resulted from our epistemic network analysis. Networks of student profiles that were frequently interchanged showed a rather similar structure. This means that difficulties in distinguishing the struggling, underestimating, and uninterested profiles from one another, as well as the strong and overestimating profiles, can be traced back to the utilization of similar combinations of student cues. This makes sense in part, since the interchanged profiles overlapped in their motivational-affective characteristics and therefore showed a similar intensity of engagement. However, differences in students' level of cognitive characteristics could have resulted in differentiated cue combinations of intensity of engagement and content of engagement, which would have allowed to distinguish the profiles. As outlined above, at this point it remains unclear whether this was due to the student cues contained in our video vignette or whether this is a general challenge for (student) teachers.

Our findings emphasize cognitive activities of judgment processes as a key to judgment accuracy. Teachers' utilization of student cues determines whether student teachers are successful in judging student characteristic profiles accurately. In this regard, epistemic network analysis seems to be a promising approach. Based on such an analysis, which visualizes the frequency of all co-occurrences of utilized student cues, it becomes evident that accurate judgments, difficulties with assessments, and interchanges of student profiles can be traced back to reliance on particular combinations of diagnostic student cues. Hence, epistemic network analysis allowed us to consider and investigate the complexity of everyday teacher judgment processes in which teachers are required to observe and interpret several pieces of information in combination to assess their students.



Practical Implications

Although our study has shown that some of the student teachers are already quite able to successfully assess student characteristics, a large number of them still struggles with this important task, which will later become a regular part of their professional everyday life. Furthermore, our results highlight the role of observing and using diagnostic student cues for accurate judgments. From this, several recommendations for teacher education can be derived. Teacher education should promote student teachers' declarative knowledge base with respect to learning relevant student characteristics, their intra-individual combination in consistent and inconsistent student profiles, and student cues that are diagnostic for these characteristics (that is intensity and content of engagement) as a foundation for the development of a professional vision in the context of assessing student characteristics (Stürmer et al., 2013). As the judgment of student characteristics requires student teachers to apply their knowledge toward teaching practice, they should receive support and instruction in how to do so in a step-by-step approach in which practice tasks are subsequently approximated to real-life teaching (Grossman et al., 2009). In this sense, the guided observation and reflection of classroom videos could be effective, like it has already been shown for the development of other areas of professional classroom perception (Star and Strickland, 2008; van Es and Sherin, 2008; Stürmer et al., 2013). Such practical experience might lead to changes in student teachers' perceptions of student cues, they could for example become more sensitive to the variance of participation among students leading to a more refined differentiation of whether students raise their hands often or seldom. Moreover, they might learn to identify, focus, and consistently use diagnostic student cues to assess the same student characteristic across several students (Nestler and Back, 2013). Besides this guided practice in teacher education courses, simulations have recently been discussed as a way to support teacher students in the development of their assessment skills (Chernikova et al., 2020a,b; see Codreanu et al., 2020 for an example concerning students' mathematical skills). In terms of observing students, it has been shown in other disciplines that the modeling of expert eye movements can help learners to develop effective eye movement patterns (Jarodzka et al., 2012, 2013). It is assumed that this can also be applied to teacher education although (intervention) studies are still pending (Gegenfurtner, 2020). Our findings are thus a good starting point for the development of appropriate teacher education programs.



Limitation

There are some methodological issues that need to be considered when interpreting the results. First, we used only one video as a stimulus. Thus, difficulties in distinguishing student profiles, the type of frequently used student cues, and differences in student cue utilization between student teachers may stem from specific features of the video. Hence, future studies might investigate whether our findings are replicable with other classroom videos and real-life teaching. Second, we did not systematically vary the available student cues, but rather used an every-day classroom video as a proxy for real classroom teaching so that student cue availability could be considered as “natural.” In our case, we did not include a student individual work phase although this might have contained student cues that relate to student cognitive characteristics. This might have resulted in the rather weak performance of participants in judging student cognitive characteristics in comparison to other previous studies (Kaiser et al., 2013; Praetorius et al., 2017). Therefore, upcoming research might systematically investigate the influence of cue availability on judgment accuracy. Third, our video was relatively short, and student teachers were unfamiliar with the students. Although other studies showed that even very short videos are sufficient for accurate judgments (Praetorius et al., 2015), it might be interesting to systematically investigate whether familiarity with students influences judgment accuracy. Additionally, the comparisons of the eye movement patterns were based on median split of the whole sample, resulting in two relatively small subgroups. As a consequence, the tendencies in the expected direction toward differences in number of fixations and average fixation duration across student teachers with high and low judgment accuracy might have not reached significance. Therefore, differences might be underestimated within the present study and judgment accuracy might actually show a stronger connection to eye movements as a behavioral activity of judgment processes. Moreover, our participants provided the student cues on a voluntary base. This might have resulted in the presence of a bias and, above all, participants who are confident in their diagnostic accuracy might have worked on the task. Thus, it might have been likely that we included participants with a relatively higher judgment accuracy in our analysis on usage of student cues. However, we found no significant differences in the average diagnostic accuracy score across all student profiles between those participants who reported student cues (M = 2.48; SD = 1.25) and those who did not (M = 1.81; SD = 1.1); t(41) = −1.77, p = 0.085. Additionally, the judgment accuracy of those participants included in our analysis on utilization of student cues spread across the whole range of accuracy scores, ranging between 0 and 4 points. Nevertheless, our results should be interpreted with this limitation in mind and differences in the patterns of student cue usage between student teachers with high and low judgment accuracy can unfortunately be less obvious in our study than they actually are. As a related issue, our analysis of student cue utilization is based on student teachers' self-reports. This might have resulted in a social desirability bias of their answers and would be one explanation why our findings contradict previous ones in which teachers relied on unimportant student cues such as gender or SES (Meissel et al., 2017; Praetorius et al., 2017; Garcia et al., 2019; Brandmiller et al., 2020). In this context, our results might not fully reflect potentially problematic cue usage of student teachers. Finally, we argue that student teachers with a high judgment accuracy successfully applied their acquired declarative knowledge to our specific situation, although they had only limited opportunities to connect their knowledge base to teaching experiences. However, we did not measure our participants' declarative knowledge. Thus, future research might elaborate on this issue and consider student cue utilization and eye movements as a mediator between teachers' declarative knowledge and judgment accuracy.




CONCLUSION

The present study was one of the first that aimed to connect judgment processes to judgment accuracy. Therefore, we considered student diversity, in the form of student characteristic profiles, as an assessment target; investigated eye movements as a behavioral activity; and looked at utilization of student cues as a cognitive activity; all in keeping with the lens model. The results advanced the understanding of teachers' accurate judgments. First, we identified a level of diversity among student teachers. A significant portion of the sample group was already quite successful in the complex task of assessing student profiles. The methodology of eye tracking indicates that this success tends to go along with a more “experienced” pattern of eye movements. The epistemic network analysis demonstrated the importance of using specific diagnostic student cues for high judgment accuracy. With this study, we have brought together research on the judgment process and on judgment accuracy. This allowed us to provide detailed insights into the processes of accurate judgments and is a necessity to understanding teaching as a vision-intense profession.
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