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Abstract. This study aims at investigating which cues teachers detect and pro-
cess from their students during instruction. This information capturing process
depends on teachers’ sensitivity, or awareness, to students’ needs, which has
been recognized as crucial for classroom management. We recorded the gaze
behaviors of two pre-service teachers and two experienced teachers during a
whole math lesson in primary classrooms. Thanks to a simple Learning Analyt-
ics interface, the data analysis reports, firstly, which were the most often
tracked students, in relation with their classroom behavior and performance;
secondly, which relationships exist between teachers’ attentional frequency dis-
tribution and lability, and the overall classroom climate they promote, measured
by the Classroom Assessment Scoring System. Results show that participants’
gaze patterns are mainly related to their experience. Learning Analytics use
cases are eventually presented, enabling researchers or teacher trainers to fur-
ther explore the eye-tracking data.

Key-Words: Mobile eye-tracking, Learning analytics, Classroom supervision,
Teacher information taking, Classroom observation system, Visualization tech-
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1 Introduction

Maintaining some of the main variables of the classroom in adequate limits is one of
the most crucial goals of every teacher, this activity being performed by continuous
visual information takes. Teacher’s situational awareness [1] is an important skill and
is needed for supervising (i.e., taking information from the classroom environment)
and controlling (i.e., acting on this environment in turn) the diverse events occurring
in the classroom, often at fast pace. This skill has been shown to be directly related to
learners’ achievement [2].
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Teachers’ attentional resources are limited, so they cannot equally draw their atten-
tion to every event occurring during instruction, or on every learner. Two main con-
cepts from the educational sciences literature have been derived from this assumption.
Firstly, the concept of “withitness” [3], which refers to the ability of teachers to proac-
tively manage disruptive events, letting their students imagine that “they have eyes in
the back of their heads”. Secondly, the concept of steering group [4], which refers to
a group of learners more or less consciously selected, and frequently supervised by
the teacher in order to take on-the-fly instructional decisions. It is worth noting that
the two concepts are hardly compatible with each other: a “withitness-able” teacher
takes the classroom as a whole, whereas a “steering group”-focused teacher selects
and a priori targets a small subset of students.

Some concerns have been raised on these two concepts. The operationalization of
the “withitness” [5], as well as its empirical support [6], have been subject to difficul-
ties. Whereas the very existence of a steering group is hardly debatable, the literature
on this concept does not agree with the main features of this group. For instance,
Lundgren [4] argued that the steering group is composed of students between the 10"
and the 25™ percentile of their cognitive abilities. Wanlin [7] reported two kinds of
steering groups, comprehension-centered and behavior-centered, and showed that
teachers mostly focus on medium and highly proficient students. Since these scholars
did not have the same observation tool, we assume that a finer-grained observation
tool may shed some light on the actual features of the steering group.

The main goal of this paper is to bring empirical support about the existence of ei-
ther of these two concepts. We used a mobile eye-tracker to determine the continuous
teacher’s eye-fixation behavior during a whole lesson, accounting for their selective
visual attention. We related this information to the cues (both behavioral and related
to students’ achievement) that lead a teacher to focus his or her interest on a given
student. Novice and experienced teachers participated to this study in order to seek
likely differences of behavior. Eventually, thanks to a Learning Analytics (LA) sys-
tem, we will argue that we can unveil teacher—students interactional patterns during
instruction, which in turn would be useful in some real-life contexts (use cases).

2 Eye-Tracking Devices and Teacher Decision Making

A well-established fact is that every teacher has to keep an overall awareness on the
instructional situation [3]. However, the kind of cognitive processes undertaken to
maintain this awareness has been studied so far mostly from verbalization procedures
(either current or posterior to the activity), which are known to offer an incomplete
access to the action and decision cognitive processes [8], because of their partly im-
plicit nature.

Eye-tracking devices have become a reliable way to overcome this problem [9].
They enable the capture of eye fixations and saccades so that two pieces of infor-
mation can be inferred [10]: which kind of information is extracted from a scene (stat-
ic or dynamic); how much a scene is complex (the more complex a scene, the longer
are the eye fixations). Moreover, the amount of gathered direct information is far
larger than with other ways to observe teachers’ behaviors, and makes possible LA-



based procedures. All in all, they allow the processing of a large amount of “low in-
ference” measures, which can be seen as more objective than measures that rely on
the interpretation of a scarcer set of information.

Eye-tracking devices have seldom been used in educational contexts, but they have
mainly been used in very constrained environments, like text reading or information
seeking on screens. However, a few recent researches used eye-tracking devices for
dynamic classroom scenes, either for analyzing student’s gaze [11], teacher’s cogni-
tive load [12], or the whole classroom [13]. So far, two studies have investigated
teachers’ selective visual attention through the use of eye-tracking devices.

The study from van den Bogert et al. [14] analyzed teacher’s (20 novices and 20
experts) fixations when viewing two videotaped lessons on a TV screen equipped
with an eye-tracker. The expert-novice (E-N) paradigm predicted that, firstly, the
fixations would be longer and more variable for novices (i.e., more complex) and,
secondly, the number of targeted students would be larger for experts than for novic-
es. Three kinds of video segments were identified: “blank segments” (containing no
event, as identified by neither novice nor experienced teachers), “low contrast seg-
ments” (containing events identified only by experienced teachers), “high contrast
segments (with events identified by both). The results showed that novice teachers
devoted more time in observing a disruptive student than experienced teachers did,
the latter having a wider observation scheme. In low contrast segments, the experi-
enced teachers exhibited shorter fixation times and a wider sampling across students
than novices did. No differences were shown for the high contrast segments. There
were no significant differences on the observation of blank segments between N and
E teachers; no differences on the homogeneity of variance were found either. Since
this study captures eye movements on a TV screen displaying a video footage, based
on predetermined scenes, its proximity with authentic conditions is weak.

Cortina et al. [15] used a mobile eye-tracker to study the gaze behavior of 24
teachers (12 novices and 12 experienced). They analyzed the relationship between the
quality of the classroom climate (using the CLASS, see below for more information),
and the level of attention teachers devoted to each student of the classroom, computed
with the Gini coefficient (ranging from 0: all students have the same number of fixa-
tions, to 1: only one student gets all the fixations). Results showed that the Gini coef-
ficient of experienced teachers was significantly lower than this of novice teachers.
Correlations between each CLASS dimension and the Gini coefficient were comput-
ed: quality of feedback score correlated positively and significantly with Gini scores
(r = .46, p < .05), showing that the more teachers support learning in delivering feed-
back, the more their attention is equally drawn towards all the students.

These studies did not attempt to uncover steering groups, nor did they make any
assumptions about the actual level of the students. We set up the following study to
investigate these questions.



3 Research Questions

The main purpose of this research is to study the strategies of teachers’ information
gathering through a mobile eye-tracking device and in an ecological context. The use
of such a device suits the highly dynamic nature of the classroom environment [16],
where the diversity of the potential sources of change are difficult to capture with
indirect observation tools. Our research questions are threefold:

*  Classroom awareness: How can we characterize teachers’ attention distribu-
tion among students? Is this attention related to some students’ characteris-
tics (like performance or behavior)? Does any “steering group” exist? If so,
which are its features (number and level of students, number of groups)?

*  Relationship between classroom awareness and teacher—students interac-
tion: A teacher can be fully aware of what happens in his or her classroom
without being reactive to any event. We thus have to check to what extent
the teachers’ awareness is related to the quality of his or her interactions with
students. In other words, we sought to determine the relationship between
teachers’ visual cues in the classroom environment and their level and quali-
ty of the interactions they promote with students.

*  Learning Analytics-based visualization reuse: Can the large dataset of this
study, as well as its LA-related procedures, be spread to every researcher, or
even teacher, who wants to investigate gaze teachers’ behavior? Can we
come up with some use cases of this database for teacher training or educa-
tional research purposes?

A novice—experienced comparison was undertaken for the first two research ques-
tions, supposing that more experienced teachers would be more aware of students’
participation and achievement [17]. A specific LA-based procedure was undertaken to
answer the third question.

4 Method

4.1 Participants

Four teachers (100% female) volunteered to participate to this study. Table 1 below
shows teachers’ main characteristics.

4.2 Measures

First of all, information about the students was gathered: age, gender, quartile level of
performance in French and mathematics, special needs, and a 11-item questionnaire
assessing the students’ behavioral self-regulation abilities [18]. The following abilities
were assessed: attention, tiredness, integration into the classroom, work speed, effec-
tiveness, organizational capacity in performing a task, autonomy, and mastery of ges-
tures. Teachers responded on a 4-point Likert scale, ranging from 1 for a behavior



never noticed or not learned yet, to 4 for a behavior usually noticed or learned. A
maximum likelihood exploratory factor analysis identified one factor as in a previous
research [18]. The reliability was satisfactory (o=.77). In order to estimate each
pupil’s behavioural self-regulation perceived by the teacher, each student was given a
score taking into account the factor weight of each item.

Table 1. Basic information about teachers

ID Grade Nb Students  Experience (nb years)
1 1 22 High (20)

2 31 24 Novice (0.5)

3 2 23 Novice (0.5)

4 1 24 High (25)

Then, we had to represent the occurrence of pedagogical events throughout the teach-
ing sessions. We adapted the Teaching Dimensions Observation Protocol (TDOP)
[19], which is a reliable observation tool that captures a large variety of pedagogical
practices and events. We used the TDOP to characterize the diversity of pedagogical
events that occur in classrooms (e.g., the teacher gives an explanation then the stu-
dents are doing a guided exercise). This information was coded independently by two
researchers from the video footages, and disagreements were resolved by a discussion
to reach a consensus.

Eventually, we assessed the level of the teacher—students interactions in the class-
rooms with the Classroom Assessment Scoring System (CLASS) [2], one of the most
used and valid classroom observation systems. The quality of the interactions was
assessed upon three main domains: emotional support, classroom organization, and
instructional support, derived into ten dimensions (see Table 2 for more information).
This judgment of quality of the teacher—students interactions is related to the observa-
tion of four 30-minute sessions, hence lasting a whole morning session for each ob-
served teacher.

4.3  Procedure and Data Analysis

After a pre-experiment with a university teacher to rehearse the whole experimental
scheme, we undertook a lesson recording in the four teachers’ classrooms. The four
participants taught a regular lesson of mathematics (numeracy or multiplication) last-
ing about 45 minutes in the morning, wearing a mobile eye-tracker (ASL Mobile Eye-
GX). An additional video camera and an ambient microphone captured the whole
classroom activity. Two trained observers gathered CLASS-related information dur-
ing the whole morning class.

The set of lessons was then transcribed by two trained coders using ELAN [20].
The whole dataset was afterwards exported onto UnderTracks [21], a web-based
Learning Analytics platform that enables the gathering, analysis, and sharing of a
wide range of traces. UnderTracks is composed of a web platform to share traces and



operators (processing algorithms in Python or R) and a client-side software (Under-
tracks-Orange) to build, share and reuse analysis processes (combination of operators
and traces) thanks to the open source Orange data mining toolbox
(http://orange.biolab.si). A given dataset, as well as its related analysis procedures,
can thus be shared, reused, and modified by the UnderTracks researchers’ communi-
ty. Once shared, the processes can be applied to other traces. We created a specific
data space in UnderTracks, called “SuperViseur”, for storing raw data of this study,
as well as displaying operators and processes used in its analysis. Raw data stored
comprises gaze behaviors, students’ characteristics, and pedagogical episodes.

The design and processing of the analyses of this study reused processes from
within the UnderTracks-Orange client application. Fig. 1 shows an Orange process
that builds several interactive visualizations displaying teachers’ gaze behavior under
several considerations (pedagogical episode, students characteristics). For example,
one of the interactive visualizations shows, for each teacher, his or her gaze behavior
by pedagogical episode. Its interactivity lies in the possibility to have more infor-
mation about a given student when the mouse hovers each gaze target representation.

Any visualization can be saved onto the UnderTracks web platform; visualization
results can be uploaded in other web sites as well. A dedicated website
(http://superviseur.lip6.fr) proposes several visualizations to furthering the exploration
of our data, likely following use cases (see Section 6). Moreover, any researcher can
conveniently perform, upon registration, some of the analyses described in the paper,
as well as new ones.
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Fig. 1. An Undertracks-Orange process producing visualizations from teachers’ gaze behaviors

Specific attention was drawn to privacy concerns, and we sought agreements from our
university data protection and ethical committees, mostly because the mobile eye-
tracker necessarily captures the whole attentional stream of teachers, which makes it
difficult to isolate students whose parents decided they would not be videotaped. The
parents were given a description of the project and had to confirm their agreement.



All of them agreed. The dataset available from within UnderTracks delivers fully
anonymized data only, thus the video shots of the study are not viewable.

5 Results

5.1 Gazing Time: Whole Lesson Analysis

We first selected the same video time range (44 min) to control for time, correspond-
ing to 5,280 eye fixations of 500 ms duration each, per video footage. We then ex-
tracted those targeting a student and computed the percentage of time a teacher is
focusing a given student (see Fig. 2). Whereas every student was targeted during the
whole lesson session, the distribution of the gazing time differed among teachers: the
first three devoted most time (about 10%) on a reduced number of student while the
fourth distributed her attention between students more evenly.
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Fig. 2. Distribution of the percentage of teachers’ gazing time per student, sorted by descending
rank, whole lesson (time range: 44 min)



We then tried to compose “steering groups” (rectangles in Fig. 2) in function of the
attention distribution of the teachers, using the following rule of thumb: We empiri-
cally set the cut-off value of eye fixations as 200 fixations (100 s of gazing time) for
determining groups. Then, we separated the distribution by tiers every 200 fixations.
Results show that Teacher #1 focused her attention towards three distinct “steering
groups”, a unique student (#16), a second group composed of two students (#9 and
#5), and a third composed of the rest of the students. Teacher #4 exhibited a similar
behavior, essentially focusing on a group of six students, the rest of the classroom
being almost equally scrutinized. Teacher #2 and #3 focused more often their atten-
tion on a more reduced set of students (Student #10 for Teacher #3; Students #9 and
#10 for Teacher #3), the others being far less attentionally sampled.

5.2 Teachers Gazing Time in Function of Pupils Behavior and Level

We then wondered if the teachers’ gazing time would depend on some salient charac-
teristics of their students, like their behavior or their level in mathematics. Fig. 3 or-
ders the students as in the previous figure (descending percentage of gazing time per
student), in addition with categorical data about their level in mathematics (bars, the
higher the better), as well as score data about their behavioral self-regulation (dotted
lines, the higher the less dysfunctional). We expected that the more often a student is
sampled over the lesson, the lower his or her level is (either in mathematics or related
to his or her behavior).

Fig. 3 depicts this relationship, showing that Teachers #1 and #4, again, had similar
ocular behaviors: their students’ level curves are globally ascending, even if some
irregularities occur (e.g., Students #8 and #1 were less observed by Teacher #1 than
their behavioral level would let us think; likewise for Students #22, #5, and #21,
Teacher #4). In comparison, the students’ level curves of Teachers #2 and #3 are not
ascending and much more erratic, showing no relationship between the percentage of
eye fixations and students’ level.

5.3  Analysis of a Specific Episode: Interactive Exercises

The above analyses made the assumption that teachers behave uniformly during the
whole lesson in terms of information takes. In order to control for the kind of peda-
gogical event, we have now to analyze the participants’ gaze behavior on the same
kind of event. We chose to focus on the interactive exercise derived from the TDOP
taxonomy (a mix of “interactive lecture” and “deskwork”, frequently undertaken in
French classrooms, enabling students to do exercises under teacher’s guidance),
which lasted sufficiently long in each lesson, and necessitated a larger amount of
information from students than others. All in all, the pattern of results related to these
episodes was very similar to the overall results (see Section 5.1 and Table 2). For the
sake of brevity, the interactive exercise-based results are available at
http://superviseur.lip6.fr.
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5.4  Relationship between the Attention Focus and the Classroom Climate

We computed Gini coefficients to measure teachers’ attention distribution in interac-
tive exercises [15], appropriate when the variable (in our case, attentional focus, or
gazing time) is not independently distributed among students: if a given student is
subject to focus, there leaves less chances of attentional focus to the others). The Gini
coefficient ranges from 0 (all students get the same number of fixations) to 1 (one
student gets all the fixations). Results show that Teacher #4 was the most “egalitari-
an”.

Table 2 also shows the gazing time ratio between the amount of fixations towards
less able students (in terms of behavior) and towards more able students, the cut-off
between the two groups being the median. For instance, Teacher #1 had an overall
behavioral gazing time ratio of about 2, meaning that she gathered two times more



information from less able students than from more able students. The pattern of re-
sults regarding CLASS shows that, firstly, the smaller their behavior management
CLASS-based scores are, the more teachers are “egalitarian”, needing to scan a larger
sample of students to manage their classroom. We obtained similar results with the
gazing time ratio related to performance in mathematics.

5.5 Relationship between Attentional Lability and Classroom Climate

The previous sub-Section considered teachers’ gazing time as a whole. However, two
teachers may differently distribute their overall — and equivalent — amount of attention
over time, one being focused on the same student for many contiguous saccades, the
other being constantly changing his or her attention across students. We computed
(see Table 2) the percentage of gaze changes, namely “attentional lability,” for the
whole lesson and for the Interactive Exercises episodes (100% stands for a change
every saccade; 50% stands for a change every two saccades).

Table 2. Gini coefficients, behavioral- and performance-related gazing time ratio, CLASS
scores, per teacher

1 2 3 4
Gini Coeff. Overall 0.35 0.33 0.32 0.29
Behav. Gazing Time Ratio Overall 2.07 1.49 1.05 2.14
Overall Attentional Lability 36.9 53.8 49.8 36.8
Gini Coeff. Interactive Exercise 0.33 0.32 0.45 0.29
Behav. Gazing Time Ratio Int. Ex.  2.10 1.14 1.09 2.16
Int. Exercise Attentional Lability 37.6 65.2 48.1 42.2
CLASS Positive Climate 6.0 6.3 59 4.5
CLASS Negative Climate 1.0 1.1 1.1 1.7
CLASS Teacher Sensitivity 54 6.1 5.6 4.8
CLASS Regard for Student Persp. 4.5 5.6 5.3 4.2
CLASS Behavior Management 5.7 6.3 5.9 52
CLASS Productivity 5.7 5.9 5.9 52
CLASS Instr. Learning Formats 54 53 4.9 4.6
CLASS Concept Development 2.7 5.0 3.8 2.9
CLASS Quality of Feedback 4.5 4.9 4.3 34

CLASS Language Modeling 3.7 4.8 3.9 3.3




The results on attentional lability are the only ones that are both related to the experi-
ence difference between teachers (the more experienced have the lower percentages),
and to their CLASS scores. The ranking order of the teachers’ overall attentional la-
bility is the same as their respective CLASS scores for Positive Climate, Negative
Climate, Teacher Sensitivity, Regard for Student Perspectives, Conceptual Develop-
ment, and Quality of Feedback. There thus might be a relationship between the teach-
ers’ attentional change over the students (his or her sensibility to students needs), and
the quality of the teacher—students relationships (briefly put, the classroom climate);
at the same time, experienced teachers exhibited lower attentional lability than novic-
es did.

6 UnderTracks Use Cases

We can now sketch three uses cases, showing situations where researchers, teacher
trainers, and even teachers, would take benefit from the analysis of eye-tracking data
with UnderTracks-Orange. These use cases enable to foresee advances in the novel
research domain of “Teaching Analytics” [22].

Use Case #l1: Studying teachers’ cognition from classroom management patterns.
As argued in the first two Sections of this paper, there are numerous hypotheses on
teacher cognition that would take advantage from being more objectively validated
through LA-based eye-tracking data analyses. Researchers connected to large datasets
of teachers’ behaviors would uncover novel fine-grained classroom management pat-
terns.

Use Case #2: Studying teachers’ efficacy in relation with students learning. Evi-
dence-based research has recently spread from medicine to educational research [23].
Given that perspective, researchers would use the kind of data we gathered, extended
by students’ indicators of performance. This would enable the study of the causality
between raw behavioral indicators and learning.

Use Case #3: Uncovering behavior patterns for teacher training purposes. Teacher
training sessions would also benefit from the device tested in this study. Pre-service
teachers would be given access to videotaped lessons and their UnderTracks-based
data; they would investigate some hypotheses about the teacher’s awareness, his or
her information takes, and their relationships with the students’ behavior and perfor-
mance, as well as with the classroom climate. Eventually, some instructional strate-
gies would be derived from their conclusions.

7 Discussion

This paper considered the combined use of eye-tracking data together with Learning
Analytics procedures leading to open and interactive visualizations of teachers’ strat-
egies. Our main results are summarized as follows. Firstly, every student of the four
classrooms was looked at by his or her teacher, even a few times. This brings some
support to the “withitness” hypothesis. Secondly, steering groups composition dif-
fered across teachers: very small groups of students were particularly subject to focus



by the teachers, and thus can be considered as more complex in terms of decision-
making. The size of the gazed groups seems to be related to the amount of experience
of the teachers, as found in [14]. Thirdly, very little variability was observed across
different kinds of pedagogical activity. Fourthly, the criterion for choosing a steering
group is not clear-cut across teachers: again, teachers’ amount of experience better
predicted their steering groups-related behavior than the characteristics of their stu-
dents, in terms of behavior or performance. Eventually, we found a small relationship
between teachers’ gazing time and the quality of the classroom climate, replicating
Cortina et al.’s [15] results, as well as a more obvious relationship between the teach-
ers’ attentional lability and many of their CLASS scores.

During their activity, novice teachers engage a larger amount of cognitive load
than more experienced do. The way the latter scan a larger “steering group” would
make them able to perceive more fine-grained events [24], since they are less over-
whelmed than novices are. This “steering group” is action-oriented, so it likely con-
tains students whose behavioral changes may have effects on teachers’ strategies (ac-
tivity change, feedback, etc.) [25]. Novice—expert comparison studies in many fields
(aviation, chess, sport, surgery) showed that experts, compared to novices, have fewer
fixations of longer duration on nodal points of the situation [26, 27], while novices
exhibit more variability. This line of results complies with our paradoxical result, at
least at first sight, showing that an experienced teacher might be either egalitarian
(i.e., with a smaller gazing time variability across students), and focused on a small
set of specific students (i.e., with a restricted “steering group”). Focusing on this
group of students allows expert teachers to make sound decisions, grounded on a
representative set of students.

Further research will engage a larger set of participants, and consider the actual
teachers’ location in the classroom to test more ecological hypotheses, as well as fin-
er-grained analyses of more complex episodes, like those involving teacher feedback.
The implementation of some use cases in real-life contexts will be considered as well.
They are paths to understand how teachers adapt themselves, with sensitivity, to their
classroom environment and their students’ needs.

Authors’ note. This research was partly funded by the Péle Grenoble Cognition,
Univ. Grenoble Alpes, France. This research was approved by the CERNI (Universi-
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producing the video footages; Michéle Arnoux and Mathieu Louvart for CLASS and
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