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Abstract

Learning analytics dashboards (LADs) are widely used to present
information about learners’ outcomes. However, few studies have
examined how specific LAD elements, particularly those involving
varying degrees of social comparison, contribute to students’ ret-
rospective outcome emotions of pride, relief, disappointment, and
shame. This study applies a transmodal analysis of eye-tracking
data to identify viewing patterns of LAD elements critical to these
emotions. Using data from 96 participants viewing dashboards
that presented their assignment performance, we demonstrate how
students’ gaze focus differed between those who experienced dif-
ferent retrospective outcome emotions and those who did not. Our
findings suggest directions for future research on developing per-
sonalized, emotion-aware learning environments.

CCS Concepts

« Human-centered computing — Visualization; - Applied
computing — Education.

Keywords

achievement emotions, dashboards, eye-tracking, transmodal anal-
ysis

ACM Reference Format:

Tianyi Wang, Marek Hatala, Arash Ahrar, and Zhiqing Zheng. 2026. Linking
Dashboard Elements and Retrospective Outcome Emotions in Dashboard
Feedback: A Transmodal Analysis. In LAK26: 16th International Learning
Analytics and Knowledge Conference (LAK 2026), April 27-May 01, 2026,
Bergen, Norway. ACM, New York, NY, USA, 7 pages. https://doi.org/10.1145/
3785022.3785090

1 Introduction

Maintaining students’ motivation, especially in the face of setbacks,
is a persistent challenge in higher education. Learning Analytics
Dashboards (LADs) aim to address this by visualizing learning
and performance data (e.g., time on task, grades, peer compar-
isons) to promote awareness, reflection, and self-regulated learning
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[7, 10]. Increasingly embedded in digital learning environments,
dashboards are widely regarded as tools to enhance student en-
gagement. However, empirical findings remain mixed: while some
studies report modest motivational benefits, others suggest that
dashboards can elicit confusion, disengagement, or anxiety, partic-
ularly when students interpret the feedback in ways that conflict
with their goals or prior beliefs 2, 21].

Recent work indicates that dashboards are not passive feedback
tools but active psychological stimuli [1]. When students view a
dashboard, particularly one showing performance comparisons or
prior results, they often engage in a causal interpretation process:
Why did I do well or poorly? What does this say about me? Such
interpretations can evoke strong emotions such as pride, guilt, relief,
or anxiety, which in turn shape students’ motivation and subsequent
engagement [1, 15]. This link between emotional response and
motivation is central to foundational psychological frameworks
such as Pekrun’s Control-Value Theory [15]. These theories provide
a robust foundation for understanding how students experience
dashboards and why emotional and motivational responses may
differ across learners.

In turn, students’ emotional reactions to feedback have the poten-
tial to reveal the state of their goals and expectations. For example, if
a student responds with disappointment to high grades or a strong
ranking, this may indicate that their goals and expectations were
set even higher [4]. Conversely, experiencing relief after mediocre
results may reflect low expectations or recognition of limited effort.
Although substantial effort has been devoted to detecting emotional
states such as boredom, enjoyment, and confusion, relatively little
work has focused on outcome emotions such as pride and disap-
pointment in response to feedback (e.g., [26]), particularly in the
context of dashboards (e.g., [1, 4]). Because facial detection of ret-
rospective outcome emotions is constrained by the lack of labeled
datasets, this study explores whether students’ gaze on dashboard
elements, captured through eye tracking, can be used to differenti-
ate those who experience pride, relief, disappointment, and shame.

2 Background

2.1 Retrospective Outcome Emotions

Achievement emotions are emotions linked to achievement ac-
tivities (e.g., studying) or outcomes (e.g., success or failure) [17].
According to Pekrun’s three-dimensional taxonomy, they are char-
acterized by three elements: valence, arousal, and object focus
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[16]. Valence distinguishes between positive and negative emotions,
while arousal separates activating from deactivating emotions. Ob-
ject focus links emotions to the achievement context, categorizing
them into activity emotions, prospective outcome emotions, and
retrospective outcome emotions [16]. Within outcome emotions,
prospective emotions such as joy and hopelessness are tied to an-
ticipated results, whereas retrospective emotions such as pride and
shame are associated with perceived past success or failure [17].

Retrospective outcome emotions play a crucial role in learners’
motivation. Different emotions such as pride, relief, disappoint-
ment, and shame have distinct effects on students’ learning [12].
Positive activating emotions, such as pride, can enhance motivation,
whereas negative deactivating emotions, such as disappointment,
can reduce it [15]. Activating retrospective emotions, including
pride and shame, are tied to perceptions of self-responsibility. In
contrast, deactivating retrospective emotions, such as relief and
disappointment, arise when outcomes deviate from expectations:
relief occurs when success follows anticipated failure, and disap-
pointment occurs when failure follows expected success [16].

According to Pekrun’s control-value theory (CVT) [15], the an-
tecedents of achievement emotions include both environmental fac-
tors (such as students’ goal structures, expectations, and feedback)
and students’ appraisals of control and value (including expectan-
cies and attributions). CVT further posits that specific emotions
arise from particular combinations of these antecedents. Thus, it
may be possible to infer aspects of students’ goals and expectancies
from the emotions observed in response to specific feedback, posi-
tioning emotion detection as an important conduit for developing
personalized systems.

2.2 Dashboard Research at Element Level

A central area of focus within learning analytics is the development
of dashboards, designed to support students’ self-regulated learning
by enhancing awareness, reflection, motivation, and behavior [25].
The configuration of dashboard elements, particularly those involv-
ing social comparison, has become a critical design consideration
due to their emotional and motivational implications [1, 2]. Yet
most research has examined the impact of dashboards as a whole,
typically comparing outcomes in dashboard versus non-dashboard
conditions [10]. Only a few of studies have analyzed dashboards
at the element level, and these have typically employed qualitative
approaches (e.g., [1, 4, 9]).

Eye-tracking systems capture data such as gaze points, fixation
durations, and pupil size variations [18], offering an opportunity
to study dashboards at the element level. Although eye-tracking
is a well-established research method, only a few studies used it
to study how students utilize LADs. For example, [8] found that
students who spent more time viewing the textual components of
graphs in LADs demonstrated higher comprehension than those
who focused primarily on graphical components. Similarly, [3]
showed that eye-tracking features are strong indicators of students’
social comparison tendencies and provide valuable insights into
their sensemaking processes. Our study extends this work by cate-
gorizing dashboard elements according to their information content
and using eye-tracking to analyze the sequences in which students
attend to these elements during sensemaking.
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2.3 Research Question

The elements in the dashboard that students focus on can reveal
how they interpret their own results in relation to their goals and
expectations, as framed by the other information presented. Since
gaze is indicative of cognition [22], gaze patterns can reflect hidden
internal states such as goals, expectations, and motivation, which
are critical for informing pedagogical interventions [26] or auto-
mated personalization [5]. According to goal-setting theory [13],
the alignment or misalignment with students’ goals gives rise to
emotional responses. Our research question is: Do students who
experience retrospective outcome emotions focus on different LAD
elements than those who do not?

3 Methods
3.1 Study Context

We conducted a laboratory study to examine how students’ achieve-
ment emotions are associated with specific dashboard elements. 96
undergraduates enrolled in first- and second-year programming
courses at a post-secondary institution in North America partici-
pated in the study. The majority of participants were aged 18—24
(n = 91), with five aged 25-30. All reported familiarity with common
graphs. Gender distribution was 53 women, 41 men, 1 non-binary,
and 1 undisclosed. Each participant viewed their assignment grade
for the first time through the dashboard (see Fig. 1), presented in a
lab setting. The dashboard design, selected in a previous qualita-
tive study with 39 participants that examined thirteen alternatives
[1], displayed each participant’s own grade and time spent on the
assignment in the top section, and six closest peers with higher
grades and time spent in the lower section. Upward comparison
on both grades and time spent was the most motivational for stu-
dents, whereas downward, horizontal, or mixed comparisons often
elicited mixed or demotivating reactions. All grades were collected
directly from the LMS, and time spent was self-reported at the time
of assignment submission.

During dashboard viewing, eye movements were tracked to iden-
tify which elements students focused on (i.e., Areas of Interest,
AOIs). AOIs were defined as the participant’s own performance
element and the six peer elements, shown as rectangles in Figure
1. We have used screen-mounted Gazepoint GP3HD V2 (accuracy
0.5-1.0°, 60 Hz, 60cm distance), following a 9-point calibration.

After viewing the dashboard, students completed the section of
the Achievement Emotion Questionnaire (AEQ-R, [16]) measuring
retrospective outcome emotions: pride (6 items, e.g., "To think about
my success makes me feel proud."), disappointment (4, e.g., "I am
disappointed that I did not perform well"), relief (5, e.g., "I feel
relieved when I learn I have not done poorly."), and shame (6, e.g.,
"I feel ashamed because I realize that I lack ability."), each rated
on a 5-point Likert scale from 1 (strongly disagree) to 5 (strongly
agree). For analysis, following the approach adopted by [11], a
mean value of 3.5 was used as threshold to dichotomize Likert-
scale responses, classifying them as either experiencing or not
experiencing the given emotion (e.g., proud vs. not proud). This
approach effectively distinguishes between neutral and affirmative
positions and aligns with preferences for modeling interpretability
in educational contexts. The counts of each emotion, students’
grades, and emotion co-occurrences are presented in Table 1.
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IAT265 - Assignment 3

Your Grade
61%

Time spent: 6h

Performance of your peers:

Student 1 Student 2 Student 3
64%’ 71%’ ( 81% '
Time spent: 8h Time spent: 15h Time spent: 25h
Student 4 Student 5 Student 6
‘74%' ‘85%’ 56%'
Time spent- 9h Time spent 10h Time spent 26h

TAKE ME TO QUESTIONNAIRES!

Figure 1: Learning analytics dashboard showing the student’s grade and time spent on Assignment 3 alongside six peers, with

indicated Areas of Interest (AOIs).

Table 1: Retrospective outcome emotions counts and grades median and interquartile ranges for students reporting emotion

(Yes) and not (No). Emotion co-occurrence counts.

| Present: Yes

Present: No

Emotion Co-occurrence

Emotion | n Grades Mdn (IQR) | n

Grades Mdn (IQR) ‘ Disap. Relief Pride Shame

Disappointment | 25 73 (54 - 73) 71

Relief 71 92 (82 - 100) 25
Pride 51 98 (87 - 100) 45
Shame 24 80 (63 - 91) 72

94 (82 - 100) 25 12 4 17
68 (48 - 88) 12 72 49 16
79 (55 - 95) 4 49 52 7
91 (82 - 100) 17 16 7 24

3.2 Coding Dashboard Elements Values

Because the six peers displayed were selected as the nearest peers
with higher grades and greater time spent compared to each partic-
ipant, the peers shown in each dashboard differed. We calculated
the relative differences in grade and time between the student and
the displayed peers. To facilitate analysis, we preprocessed the AOI
data and grouped these differences into discrete levels. Based on
the distributions (Figure 2), grade differences were coded as Grade
Low (GL, 0-5), Grade Middle (GM, >5-15), and Grade High (GH,
>15). Time differences were categorized using the same thresholds:
Time Low (TL, 0-5), Time Middle (TM, >5-15), and Time High (TH,
>15).

In the dashboard, each peer performance AOI was assigned one
of nine grade-time difference labels: GLTL, GLTM, GLTH, GMTL,
GMTM, GMTH, GHTL, GHTM, or GHTH. The top section, show-
ing the participant’s own grade and time, was labeled as Self. For
example, in Figure 1, the Self area displays the student’s grade (61%)
and time spent (6h). Peer Student 4 has a grade of 74% and a time
of 9h. The grade difference of 13 falls into the Grade Middle (GM)
category, while the time difference of 3h falls into the Time Low
(TL) category. Thus, the AOI for Peer Student 4 is labeled GMTL.

3.3 Model Construction using Transmodal
Analysis

To analyze gaze patterns in dashboards, Ahrar et al. [3] summed
fixation times on dashboard elements and counted saccades, that
is, movements between elements, using an A-B-A comparison
pattern. This approach is limited to identifying patterns involving
only one or two elements. As students revisit elements, they tend to
fixate on those that help them make sense of their own information.
During fixation, they also hold in working memory several of the

Distribution of Grade Distribution of Time

400 \ 600
500
|/

100

2 E)
Grade Difference Time Diference

Figure 2: Distribution of Grade and Time Differences
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most recently viewed elements [24]. Prior work further suggests
that people retain stronger memory traces for more salient events
[6], meaning that certain elements, such as one’s own performance
or peers with sharply contrasting results, may continue to influence
sensemaking for a longer period.

To account for differences in the temporal influence of elements
during viewing, we used Transmodal Analysis (TMA) [20], which
models how events affect subsequent events over time. We assumed
that elements with high grade differences, particularly those ex-
ceeding time differences, as well as the Self element, exert a longer
cognitive influence during sensemaking. Accordingly, we specified
different temporal windows for TMA’s influence functions (TIFs)
for fixations on AOIs with different labels. TIFs gradually reduce
the influence of earlier elements within predefined windows. To
establish TIF thresholds, we used a fixed-window algorithm to esti-
mate elements viewed per second; on average, participants viewed
one element per second. Given evidence that refixations typically
occur after fixations on up to two other objects [28], we set the TIF
windows to 7 seconds for high-influence elements and 3 seconds
for others, reflecting both empirical viewing behavior and known
refixation dynamics. We then applied the TMA package [14] to
aggregate gaze behavior across LAD elements.

3.4 Analyzing Gaze Behaviours using Ordered
Network Analysis

To address our research question, we compared graphical represen-
tations of gaze transitions between labeled AOIs for students who
experienced a specific emotion after viewing the dashboard and
those who did not. Epistemic Network Analysis (ENA) is a method
for identifying and quantifying connections among coded elements
and representing them in dynamic network models [19]. We applied
a related method, Ordered Network Analysis (ONA) [23], which
models how events unfold in sequence during processes such as col-
laborative learning or dashboard viewing. ONA captures both the
temporal order of connections between constructs, here, AOI labels
such as GLTL, GLTM, and others, as well as their self-transitions.

After aggregating gaze behaviours from all participants using
TMA, we visualized two ONAs for each retrospective outcome
emotion: one for participants who experienced the emotion and
one for those who did not. We analyzed each emotion separately. To
examine how emotion and non-emotion groups focused on different
dashboard elements, each ONA represented ordered connections
among ten AOI codes: GLTL, GLTM, GLTH, GMTL, GMTM, GMTH,
GHTL, GHTM, GHTH, and Self. To compare viewing behaviours,
we created differential graphs between the groups and interpretted
them.

4 Results

Figure 3 presents the difference models comparing participants who
experienced each retrospective outcome emotion. In each chart, low
grade difference elements (GLTL, GLTM, GLTH) cluster toward the
bottom left, high grade difference elements (GHTL, GHTM, GHTH)
appear at the bottom right, and medium grade difference elements
(GMTL, GMTM, GMTH) are located in the top right. Below, we
describe each graph in detail, focusing on the transitions that show
the strongest differences between the two groups.

Wang et al.

Disappointment. Fig. 3a compares participants who experienced
disappointment with those who did not. The location of the small
blue mean square indicates that non-disappointed participants
tended to focus more on elements showing lower grade differ-
ences (GL), forming more connections among them. They ex-
hibited frequent transitions between GLTLSelf, GLTM ¢ Self,
GLTL&-GLTM, and GMTM&GMTH, including self-transitions
of GLTL, GLTM, and GMTH. Connections from GLTL—GLTH,
GLTM—GLTH, GLTL—-GMTM, and GLTM—GMTM also ap-
peared stronger.

In contrast, disappointed participants (red) focused more on
GH elements as well as the medium-grade, low-time element
(GMTL). They exhibited strong transitions between GMTL & Self,
GMTL<GHTM, GMTL&GMTM, and GHTM e Self, along with
moderately strong transitions between GMTL and GLTL/GLTM
and between GMTM and GHTL. They also showed self-transitions
of GMTL and GHTM. Among all nodes, GMTL and Self had the
largest outer circle radius, indicating they were the most common
response points to other codes.

Shame. Fig. 3b compares participants who experienced shame with
those who did not. Non-shame participants tended to focus more
on elements with low grade differences (GL). They showed frequent
transitions between GLTLSelf, GLTMeSelf, GLTL—~GLTM,
GMTM&GMTH, GLTL&GMTM, and GMTM < GLTM, including
self-transitions of GLTL and GLTM. Connections from Self—GLTL,
GLTM—Self, GLTL—-GLTM, GLTL—GMTM, and GMTH—GMTM
appeared stronger.

In contrast, participants who experienced shame (red) were
more likely to focus on GH elements (GHTL, GHTM) as well as
GMTL. They showed strong transitions between GMTM«—GHTL,
GMTL & Self, GMTL«GMTM, and GLTL«—GMTL, along with mod-
erately strong transitions between GHTM«Self, GMTL—GLTM,
GMTM&Self, GHTL & Self, GMTH—GHTL, GHTM«GHTL, and
GMTH<GHTM. They also exhibited strong self-transitions of
GHTL, GMTL, and GHTM.

Pride. Figure 3.c compares participants who experienced pride
with those who did not. Pride participants (red) tended to focus
more on elements with low grade differences (GL) and on medium
grade difference elements (GM) paired with higher time differences
(TM, TH). They showed strong transitions between GMTM & Self,
GMTM<GMTH, and GMTH«GHTM, including self-transitions
of GLTL, GMTM, and GMTH. Connections from GMTM—Self,
GMTH—GMTM, and GHTM—GMTH appeared stronger.

In contrast, non-pride participants were more likely to focus on
high grade difference elements (GH) as well as on element with
medium grade and low time differences (GMTL). They exhibited
strong transitions between GMTL«GLTL, GMTL«<GHTM, and
GHTM & Self. They also showed strong self-transitions of GMTL,
GHTH, and GHTM.

Relief. Figure 3.d compares participants who experienced relief
with those who did not. The patterns for relief were similar to those
observed for pride. However, when participants experienced relief,
stronger connections emerged between GMTM and GMTH, as well
as between GLTL and GMTM. In contrast, participants who did not
experience relief showed a greater influence of GHTH compared
to the non-pride condition.
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Figure 3: ONA difference models for retrospective outcome emotions. Red connections are more frequent for participants who
experienced the emotion, and blue connections for those who did not. The squares represent the respective network centroids.
Larger circles represent more frequent transitions from other nodes within the temporal window. Bi-directional line weights
indicate the strength of connections in each direction, with the stronger one marked by a chevron.

5 Discussion and Future Research

In this study, the use of TMA enabled the mapping and analysis
of gaze fixations on dashboard elements, allowing us to identify
differences in areas of focus between students who experienced

retrospective outcome emotions and those who did not. Understand-
ing how students’ attention to dashboard elements varies during
dashboard viewing opens a path toward predicting their emotional
responses to feedback and, potentially, linking these reactions to
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the antecedents of emotions, such as students’ goals, expectations,
and aptitudes, as postulated by theories of motivation [15, 27]. The
methodological contribution of this study is demonstrated through
the effective use of TMA, which addresses the inherent challenges
of analyzing gaze behaviors during dashboard viewing.

Presenting students with their actual assignment grades in the
context of an important course provides strong ecological valid-
ity to our results. Students had invested effort in the assignments
that accounted for a significant portion of their grades and formed
expectations about their outcomes. They saw their results for the
first time in the dashboard, which ensured a genuine emotional
response, despite being presented with the dashboard in the lab
setting. However, because achievement emotions have multiple
antecedents [15, 27], students with similar outcomes may have
attended to different elements of the dashboard and reacted in
different ways. In this exploratory study, our goal was to exam-
ine whether students who reported the same emotional reactions
tended to focus on the same types of dashboard elements. Investi-
gating which unobserved factors, such as goals and expectations,
drive these reactions remains an important direction for future
research.

In the context of a challenging programming course, many stu-
dents experienced positive emotions of pride and relief, while fewer
students reported negative emotions of disappointment and shame,
again despite a wide range of grades. This confirms that emotional
reactions to feedback are strongly influenced by their antecedents,
as discussed above. Consistent with expectations [15], many stu-
dents experienced multiple emotions, most often two positive or
two negative. However, we also observed mixed emotional reac-
tions. Future research should investigate the extent to which these
mixed responses are driven by students’ internal antecedents as
opposed to the specific design and content of the dashboard.

The use of ONA, with its fixed projection space, allowed us to
effectively compare gaze patterns across emotions and between
groups who experienced them and those who did not. The two
positive emotions (pride and relief) and the two negative emotions
(disappointment and shame) showed broadly opposite patterns of
focus on dashboard elements, with nuances in the strength of gaze
directed to different element types. For each emotion, we found a
clear distinction between the elements students focused on when
they experienced the emotion and when they did not.

Participants who focused on elements with low grade difference
and compared them with their grade generally did not feel dis-
appointed, since peers performed similarly but spent more time.
In contrast, those who attended to elements showing high grade
differences experienced disappointment more often. An interesting
pattern of comparisons also emerged between peer elements: non-
disappointed students focused on peers with low and medium grade
differences paired with higher time differences, while disappointed
students focused on peers with medium or high grade differences
combined with low time differences.

Given the sizable group of students who experienced both shame
and disappointment, those with shame focused on similar elements,
although the connections were not as strong as for disappointment.
Overall, the results suggest that shame arises mainly when partici-
pants focus on peers who show greater grade differences than time
differences. Unlike disappointment, however, GHTL carries more
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weight in shame. We have observed that when the grade difference
is much larger than the time difference, participants are more likely
to feel shame.

Transitions between elements with low grade differences and
Self showed only weak connections with pride or relief (these two
emotions also frequently co-occurred). In contrast, elements with
medium grade differences, particularly GMTM and GMTH, were
more strongly associated with them. This suggests that participants
were more likely to experience pride and relief when they focused
on peers who performed moderately better but also invested a
moderately or significantly higher amount of time. However, when
peers performed moderately better but invested only slightly more
time (GMTL), or when peers had high grade differences, participants
were less likely to feel pride or relief.

This study confirmed that gaze patterns, as analyzed using the
TMA approach, reveal clear distinctions between students who
experienced different retrospective outcome emotions. Although
the course context was specific, the processes underlying emotional
reactions are largely generic, driven mainly by students’ internal
factors and only partially influenced by the achievement context,
such as task difficulty [15]. At the same time, the generalizability of
our results is limited by the specific dashboard design, including its
graphical elements and the arrangement of peer AOIs. Replicating
the study with different dashboard layouts and element types is
needed to confirm the utility of gaze patterns for uncovering the
emotional impact of dashboard feedback. Finally, several thresh-
old parameters were selected during the analysis, both in TMA
and in binarizing questionnaire responses, and choosing different
thresholds may shift the results to some extent.

6 Conclusion

This study explored how students’ gaze focus differs depending
on whether they experienced different retrospective outcome emo-
tions, suggesting possibilities for future research on developing
personalized, emotion-aware learning environments. In particular,
tailoring dashboard elements to students’ performance levels may
help address their diverse motivational needs. Our findings demon-
strate the feasibility of applying TMA to dashboard gaze data and
highlight the value of analyzing dashboards at the element level.
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