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Abstract: In a computer supported collaborative learning environment, students have both 
interactions with each other as well as the technology that is guiding their learning, which can 
influence how the students construct their knowledge. Often in technology enhanced learning 
situations, information from the system provides discrete data points that can be used to infer 
learning without providing much information on the knowledge construction. On the other 
hand, analysis of student dialogues can be time consuming and subjective. In this paper, we 
propose combining log data, student dialogue, and gaze analysis to provide a clearer picture of 
how students construct knowledge collaboratively while working with an intelligent tutoring 
system. We found that students’ gaze similarity is negatively correlated with levels of 
abstraction in speech and that students have higher gaze similarity surrounding feedback 
provided by the tutor. These results show that the gaze data can be used as a proxy for 
dialogue in a collaborative learning context.  
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Introduction 
To develop a better understanding of how students construct their knowledge, it is important to be able to 
efficiently analyze the process that the students go through as they solve them problem. When students are 
working collaboratively, this process involves both their interactions with the other students in the group as well 
as the students’ interactions with the learning materials. To fully understand how students construct their 
knowledge, it is important to understand both of these interactions, which cannot always be captured through a 
single type of process data. When using technology enhanced learning, the data about the student processes is 
limited to discrete moments of time that can be captured within the logs of the technology. On the other hand, 
within computer supported collaborative learning, we often have a continuous stream of process data from 
student dialogues. By combining these multiple data streams, we can develop a better understanding of the 
student’s knowledge construction and how the students’ interactions unfold between one another and in relation 
to the educational material with which they are interacting. Intelligent tutoring systems (ITSs) provide an ideal 
environment for investigating the relation between these multiple data streams. However, dialogue data can be 
complicated to analyze and the findings are often very subjective and depend upon the coding scheme that is 
used.  

On the other hand, research shows eye gaze is tied to communication, making eye-tracking a promising 
method to use as a proxy for dialogue (Meyer, Sleiderink, & Levelt, 1998). Previous research has shown a link 
between speech and eye gaze that goes in both directions: eye gaze can precede the mention of an object or 
follow it (Griffin & Bock, 2000; Meyer, Sleiderink, & Levelt, 1998). This same pattern occurs when people 
work on a task together. There is a coupling of the collaborators’ eye gaze around a reference (Richardson, 
Dale, & Kirkham, 2007), meaning that the collaborators’ gaze may fixate, at approximately the same point in 
time, at the object referenced in the dialogue, for example just before mentioning it and just after hearing about 
it.  The eye gaze has a closer coupling when each of the collaborators has the same initial information and when 
collaborators can visually share important objects that they are referencing in speech (Jermann & Nüssli, 2012; 
Richardson, Dale, & Kirkham, 2007), suggesting that concrete references may have more of an impact on eye 
gaze compared to abstract references.  

Over the past few years, eye-tracking has become a key source of process data in educational research. 
Research using eye-tracking covers a wide range of educational ecosystems. Eye-tracking has multi-faceted use 
case examples: From online (Sharma et. al., 2015a) to face to face classes (Raca & Dillenbourg, 2013), from co-
located (Schneider et. al, 2017) to remote collaborative learning (Sharma et. al., 2015b), and to understand 
teachers’ classroom orchestration processes (Prieto et. al., 2015). Eye-tracking has not only been used to 
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understand the learning processes in various contexts, but it also has been used to provide students appropriate, 
real-time, and adaptive feedback on their learning processes (Sharma et.al, 2016, D’Angelo et. al., 2017).  

In terms of collaborative learning scenarios, eye-tracking has most often been used with collaborating 
partners’ dialogues. Griffin & Bock (2000) showed that there is a time lag of about 800 milliseconds between 
looking at an object and referring to the same object (eye-voice span). Allopenna et. al. (1998) showed that there 
is a time lag (about 400 milliseconds) between a speaker’s reference and a listener's gaze on the referred object 
(voice-eye span). In a dual-eye-tracking study, Richardson & Dale (2005) gave the notion of eye-eye (speaker’s 
eye listener’s eye) span as the time difference between the moment a speaker looks at an object and the moment 
the listener looks at the same object. Richardson & Dale (2005) found this lag to be about 1.2 seconds. Most of 
the dual eye-tracking studies have shown that the amount of time that the collaborating partners spend while 
looking at the same objects at the same time (cross-recurrence) is predictive of several collaborative constructs 
(e.g., collaboration quality Jermann & Nuessli, 2012; misunderstandings Cherubini et. al., 2007; learning gains 
Sangin et. al., 2007). These studies consider the dialogue as basic utterances (Sangin et. al., 2007), referencing 
words (Jermann & Nuessli, 2012), or in a few cases, as a collaboration quality category (Schneider et. al., 2013). 
In this paper, we present a new dialogue coding scheme, which captures the abstraction in the dialogue; that is, 
how much context dependency (low abstraction) or domain knowledge (high abstraction) is reflected in the 
speech. Moreover, we present the relation between the similarity of the gaze patterns and the level of abstraction 
in the problem-solving processes. 

ITSs have been very successful in supporting students’ learning as they work individually to solve 
problems (Murray, 2003), particularly within the domain of mathematics (Ritter, Anderson, Koedinger, & 
Corbett, 2007). ITSs are beneficial to students by providing them with cognitive support as they solve a problem 
(VanLehn, 2011). ITSs provide step-by-step guidance for students both through the use of immediate feedback 
on steps and through on demand hints. That is, students will know right away when an error occurs and they can 
decide to request help from the system to figure out how to do any problem-solving step correctly. Although the 
majority of ITSs have been developed for individual learning, there has been some work combining ITSs and 
collaboration successfully (Baghaei, Mitrovic, & Irwin, 2007; Walker et al., 2009; Diziol, Walker, Rummel, & 
Koedinger, 2010). By combining collaboration, which supports learning through processes such as co-
construction and explanation-giving (Chi & Wylie, 2014), with the cognitive support provided in the ITS, 
students may be able to more effectively construct knowledge to both avoid errors, over-come errors when they 
occur, and to effectively use the support provided through hints. However, it is still an open question about how 
the events that occur within the ITS impacts the collaboration. By combining gaze data with tutor log data and 
student dialogues, we can construct a more complete picture as to how students are constructing knowledge 
while working on the tutor. 

Eye-tracking in ITSs has been previously used to better understand student processes during the 
learning process but has primarily been used to investigate students working independently. The use of eye-
tracking as an analysis tool in ITSs has spanned investigating both affective and cognitive states of students 
(Jaques, Conati, Harley, and Azevedo, 2014; Rau, Michaelis, & Fay, 2015). Within the affective states, eye 
tracking can be used to gauge student states around boredom, curiosity, and attention that can influence the 
student learning (Jaques et al., 2014). By identifying these states, interventions can be put in place. In addition 
to tracking the affective state of the student, the eye gaze can also be related to the cognitive state of the student. 
Rau et al. (2015) found that the gaze patterns of students were correlated with the types of self-explanations that 
students provided. However, the majority of this research does not extend the analysis of eye-tracking to 
students working collaboratively (Belenky, Ringenberg, Olsen, Aleven, & Rummel, 2014). When students work 
collaboratively, they can influence each other’s thought processes that can be expressed through both speech 
and gaze patterns.  

In this paper, we aim to answer two main research questions: what is the relation between collaborative 
gaze patterns and the level of abstraction in student speech and what is the relation between tutor events and 
gaze patterns? To answers these questions, we analyzed multiple data streams from elementary school students 
working with a collaborative fractions ITS including gaze data, tutor log data, and transcript data. We 
hypothesized that dyads with a higher similarity of gaze data would have a lower level of abstraction in their 
speech (H1), as students that are talking about specific features within the problem would more likely be 
looking at the same thing. Second, we hypothesized that gaze similarity would be greater around correct actions, 
as students would be working together to solve the problem (H2).  In the following sections, we will present our 
three data sources as well as the results from triangulating this data. This paper provides a deeper understanding 
of how system information can influence and interact with students’ collaborations. 

 Methods 

ICLS 2018 Proceedings 690 © ISLS



Experimental design and procedure 
Our data set involves 14 4th and 14 5th grade dyads from a larger study that tested the hypothesis about 
differential benefits of collaborative versus individual learning (Olsen, Belenky, Aleven, & Rummel, 2014). 
Each teacher paired the students participating in the study based on students who would work well together and 
had similar, but not equivalent, math abilities. The dyads were engaged in a problem-solving activity using a 
networked collaborative ITS, which allowed them to synchronously work in a shared problem space where they 
could see each other’s actions while sitting at their own computers. The students were able to communicate 
verbally through a Skype connection. Each dyad worked with the tutor for 45 minutes in a pull-out study design 
at their school. The morning before working with the tutor and the morning after working with the tutor, 
students were given 25 minutes to complete a pretest or posttest individually on the computer to assess their 
learning. During the experiment, dual eye tracking data, dialogue data, and tutor log data in addition to the 
pretest and posttest measures were collected. We collected eye-tracking data using two SMI Red 250 Hz 
infrared eye-tracking cameras. 

Intelligent tutoring system 
During the study, the dyads engaged with an ITS oriented towards supporting the acquisition of knowledge 
about fraction equivalence. Within each problem, the tutor provided standard ITS support, such as prompts for 
steps (i.e., revealing steps sequentially), next-step hints, and step-level feedback (i.e., correct or incorrect 
feedback) that allows the problem to adapt to the student’s problem-solving strategy (VanLehn, 2011). Each of 
these different supports were displayed as actions on the screen that could guide the students’ actions and gaze.  
 

 
Figure 1. Example of a fractions interface showing incremental step reveals, step feedback, and hint requests. 

Students had roles assigned by step that were displayed through their icon. 
 

For the collaboration, the ITS support mentioned above was combined with embedded collaboration 
scripts, which allowed students to take slightly different actions and see different information (see Figure 1). 
The embedded collaboration scripts included three theoretically proven types of collaboration support: roles, 
cognitive group awareness, and individual accountability. First, for many steps, the students were assigned roles 
(King, 1999). In the tutors, on steps with roles, one student was responsible for entering the answer and the 
other was responsible for asking questions of their partner and providing help with the answer. The tutor 
indicated the current role for the students through the use of icons on the screen. A second way in collaboration 
was supported was by providing students with information their partner did not have that they were responsible 
for sharing for the problem to be completed causing individual accountability (Slavin, 1996). The final feature 
was cognitive group awareness, where knowledge that each student has in the group is made known to the 
group (Janssen & Bodemer, 2013). On steps where this feature was implemented, each student was given an 
opportunity to answer a question individually before the students were shown each other’s answers and asked to 
provide a consensus answer.  

Dependent measures 
For our analysis, we collected data from three different data streams that were used for analysis: log data, 
student dialogue, and gaze data. Although the log data recorded each transaction that the student took within the 
tutor, we were interested in the transactions that ended in additional changes to the tutor interface besides the 
students own actions. These fell into three categories of hint requests, incorrect feedback, and correct feedback. 
On each step, the students could request hints from the tutor related to the current step that they were working 
on. When submitting an answer to the tutor, the students would get either correct or incorrect feedback for each 
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step and would need to have the step be marked as correct before being able to continue with the problem. The 
log data captured each of these transactions along with a time-stamp. 
        Each of the student dialogues were transcribed and coded for abstraction levels. Abstraction is how 
grounded within the concrete aspects of the problem solving and communication the student’s utterance is. The 
level of abstraction is fully dependent on what occurs in the dialogue and is not intended to infer all mental 
processes. Within our transcripts, we coded for abstraction at the utterance level. This allowed us to have a 
finer-grained coding for each second of the dialogue without losing the context of the words. The abstraction 
codes consisted of six different levels: acknowledgement, read out loud, interface, problem solving, concepts, 
and metacognitive (See Table 1). The levels of abstraction followed an ordering with acknowledgments being 
the least abstract and metacognitive being the most abstract (with the other codes following the ordering in 
Table 1). For the coding, all statements that were off-task or were with a researcher were marked as “not 
applicable” and were discarded from the analysis. An inter-rater reliability analysis was performed to determine 
consistency among raters (Kappa= 0.78). 
 
Table 1: Abstraction feature coding of student utterances in increasing order of level of abstraction 
 
Code Description 
Not Applicable The student engages in off-task behavior, converses with the experimenter, or 

vocalizations without any context. 
Acknowledgments The student acknowledges their partner, or they request acknowledgment or a repeat of 

what the partner has said. 
Read Out Loud The student is reading information provided within the problem and presented on the 

screen. 
Interface The student discusses actions that can be taken in the interface or engage in work 

coordination. 
Problem Solving The student is providing an answer to the problem or showing evidence of think aloud as 

they solve the problem. 
Concepts The student is adding information from outside of the problem or providing an 

explanation that goes beyond the required answer. 
Metacognitive The student verbally expressing their understanding of their current knowledge/problem 

solving state. 
 

To compute the entropy, we divided the screen in 50-by-50 pixels grid. We also divided the whole 
problem-solving session into 10 seconds time windows. We then computed the proportion of the time spent in 
each block in the spatial grid for each 10-second time window. This resulted in a series of 2-dimensional 
proportionality vectors. Finally, we computed the Shannon Entropy for each of the vectors. A low entropy value 
(the minimum possible value is zero) depicts that the student was looking at only a few elements on the screen, 
which we called focused gaze. On the other hand, a high value of entropy indicates more elements being looked 
at in a given time window, which we called unfocused gaze. Although focus and attention are related concepts, 
focus, as we defined here, does not contain the idea of processing the stimulus, as is required in the definition of 
attention. Focused gaze simply indicates a small number of elements looked over a fixed time period. 

In order to compute the similarity between the gaze patterns of the collaborating students, we divided 
the screen space and the interaction time in the same manner as we did for entropy computation. We computed 
the similarity between the two proportionality vectors by using the reverse function (1/(1+x)) of the correlation 
matrix of the two vectors. A similarity value of one will show no similarity between the two gaze patterns 
during a given time window. On the other hand, a higher value of similarity will show that the two participants 
spent time looking at the similar set of object on the screen during the same time window. 

Results 
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Gaze and tutor response 
We compared gaze similarity across time (± 5 seconds) for different types of tutor responses. For this 
comparison, we fit a hierarchical linear model with time and tutor response as random effects and gaze 
similarity as the dependent measure. We observe a significant effect showing that similarity values are different 
among the three types of tutor responses, F(2, 16.96) = 47.80, p < .001, while there was no significant main 
effect of time, F(1, 15.41) = 2.60, p = .12 or interaction between time and tutor response, F(2, 18.09) = 0.38, p = 
.68 (see figure 2). A post-hoc pairwise comparison shows that the similarity is the highest for the correct 
feedback and the lowest for the hint requests (see Table 3). 
 
Table 3: Pairwise comparison of tutor response with gaze similarity 
 
 Correct Feedback Incorrect Feedback 
Hint Request F(1,16.41) = 85.96, p < .001 

Correct feedback > Hint request 
F(1,16.77) = 23.75, p < .001 
Incorrect feedback > Hint request 

Correct Feedback - F(1,15.17) = 48.88, p < .001 
Incorrect feedback < Correct feedback 

 

 
Figure 2. Gaze similarity across time for hints (left), correct responses (center), and incorrect responses (right). 

 
Further, we compared the gaze similarity values across different types of tutor responses and the 

probability of both students being focused. Again, we fit a hierarchical linear model. We observed a significant 
effect that as the probability of the students being focused increases,  the similarity values increase, F(1, 19) = 
29.37, p < .001 (see Figure 3). Additionally, we observed a significant interaction between the student focus and 
tutor response type, F(3, 18) = 6.71, p < .05, with the correlation being greatest for incorrect responses and 
lowest for correct responses and a marginal significant effect of tutor response on similarity, F(2, 17) = 2.86, p = 
.06.  
 

 
Figure 3. Correlation of gaze similarity with probability of dual dyad focus by tutor response type. 

Gaze and abstraction 
For the abstraction categories, we observed that the concept category was coded for less than half of the dyads 
(ten out of 28) and that for these dyads, the concept category was less than 5% of the utterances. Given this low 
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rate, we determined that the concept category would not be a reliable category. Therefore, we merged the 
concept and problem solving cateories for this analysis.  
 
Table 3: Model parameters for correlation of focus and tutor response with gaze similarity 
 

 Read out Loud Interface Problem Solving Metacognitive 
Acknowledgements N.S. N.S. N.S. F(1,40.62)=3.19, p=.08 

Ack. > Metacognitive 
Read out Loud - N.S. F(1,30.23)=7.98, p<.05 

Read out loud > Prob. Sol. 
F(1,41.76)=13.91, p<.001 
Read out loud > Meta. 

Interface - - N.S. F(1,40.96)=6.94, p<.05 
Interface > Metacognitive 

Problem Solving - - - F(1,30.09)=3.69, p=.06 
Prob. Sol. > Meta. 

 
To investigate the relation between gaze similarity and dialogue abstraction, we ran a one-way 

independent ANOVA without assuming equal variances across the different abstraction categories. There was a 
significant effect of dialogue abstraction with gaze similarity, F(4, 51.95) = 3.86, p < .05. In a post-hoc pairwise 
comparison (see Table 3), we found that gaze similarity is significantly lower when students utterances are 
coded as metacognitive. Additionally, we observed a trend that higher abstraction levels tend to have lower 
similarity values with an exception of acknowledgments (see Figure 4).  

 

 
Figure 4. Gaze similarity by dialogue abstraction codes. 

Tutor response and abstraction 
Finally, we ran a chi-square test to compare the tutor response types with the dialogue abstraction points (for a 
range of ± 3 seconds around the tutor response). For the different levels of abstraction and tutor responses, we 
found a significant relation, χ2(8) = 15.61, p = .04. However, Comparing the residuals from the chi-square fit, 
we did not find any significant differences.  

Discussion and conclusions 
In this paper, we presented a dual eye-tracking study within a remote collaborative setting where pairs of 
students solved fractions problems working with an ITS. We combined the gaze and the dialogues for each dyad 
with their interactions within the ITS. We observed three main relations: 1) the gaze similarity decreases as the 
level of abstraction in the dialogue increases; 2) the probability of the pair being focused is correlated to the 
pair’s gaze similarity when they receive a hint or an incorrect response; 3) the gaze similarity is highest for the 
correct response, followed by the similarity for incorrect response and it is lowest for the hint requests. 

In respect to the relation between the tutor response and similarity, we observed that for the correct 
feedback, the similarity is highest. This might be because when students working together, they will be looking 
at the same thing (leading to a higher similarity) and have a higher chance of getting the solution correct. On the 
other hand, the similarity is lowest for the hint requests; one of the reasons for this could be that the hint 
message is displayed above the hint button and there could be a lag of gaze on the hint message between the 
student who requests the hint and their partner. The similarity for the incorrect feedback is lower than that for 
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the correct feedback. One possible explanation could come from the fact that students not working together are 
not sharing their knowledge so have less of a chance of getting the solution correct. Another reason could be the 
fact that once the students receive incorrect feedback they scan the interface for the mistake/correct answer and 
hence have a lower similarity. 

Further, we also analyzed the relation between the tutor response, similarity, and focus of the two 
students. We found that the focus is correlated with the similarity, however this correlation is highest for the 
incorrect feedback and lowest for the correct feedback. Related to what we found with the similarity and tutor 
actions, this observation could be due to the fact that once the students receive incorrect feedback, they start by 
scanning the interface for the mistake/correct result and then they focus together on the same elements of the 
problem, which increases their similarity values. On the other hand, once the students receive correct feedback, 
they start by working independently on the next problem. This makes the probability of them being focused at 
the same time and looking at the same part of the screen almost independent from each other. 

Additionally, we observed that the similarity decreases as the level of abstraction in the dialogue 
increases. A plausible explanation could be that the support required from the stimulus decreases with an 
increase in the level of abstraction because as students use higher level of abstraction they use a fewer number 
of physical (on visual stimulus) references. As an example, during a read-out-loud dialogue students are reading 
from the screen (a visual stimulus) and hence they have a high similarity; while during a metacognitive 
dialogue, they do not refer to anything present on the screen, thus not having any visual grounding and hence 
the similarity decreases. Finally, we observed a significant relationship between the levels of abstraction and the 
different tutor responses. However, the residuals did not reveal any further relations between the individual 
categories. We hypothesize that the abstraction is not the correct labeling for the dialogues in this case, as we 
could expect all the abstraction categories to correspond to each of the tutor responses as the students engage in 
the problem-solving. Instead, more nuanced measures may be needed to understand the student’s process 
around addressing tutor response, such as what we found with the gaze data. 

In this experiment, the students were working within an ITS environment. However, we believe that 
our results would also extend beyond ITSs to other technology enhanced environments that also collect log data. 
One limitation of the current methods is that using eye-tracking, as the technology currently stands, is not 
necessarily feasible outside of a lab setting where the use of the technology does not scale-up. For future work, 
we would like to be able to understand how the correlations from this process data also correspond to the 
student learning that occurs. To investigate this question, we would want to find the correlation between the 
combined process data events and student learning measures. The work presented in this paper contributes to the 
field through combining multiple process data streams to form a better understanding of student knowledge 
acquisition. By combining more discrete and continuous data sources that capture the collaborative interactions 
between both students and the system, we can better understand how these events interact to influence the 
student learning process. 
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