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Learning analytics dashboards are widely used in self-paced online courses, yet many still emphasize progress
and activity while giving limited attention to learners’ emotional states and real-time self-regulation. This study
examined whether an emotion-aware learning analytics dashboard (EALAD) could improve learners’ meta-
cognitive regulation, academic performance, and multidimensional engagement in a self-paced massive open
online course (MOOC), compared with a standard learning analytics dashboard (LAD) and a no-dashboard
condition. Using a randomized controlled design, 150 undergraduate students from three Iranian universities
were assigned to an emotion-aware dashboard group (EDG), a standard dashboard group (SDG), or a control
group (CG). The three-month intervention was implemented in a self-paced MOOC on instructional design, and
all participants were selected from the intermediate range of the Oxford Quick Placement Test (OQPT), with
scores between 31 and 40. Data were collected through the Metacognitive Awareness Inventory, an academic
performance test, a multidimensional engagement questionnaire, and follow-up interviews. Quantitative data
were analyzed using mixed-design and one-way ANCOVAs while controlling for pretest scores. The EDG showed
the strongest gains across outcomes, including metacognitive regulation, partial n> = 0.596; emotional
engagement, partial n* = 0.500; cognitive engagement, partial n> = 0.463; and academic performance, partial n?
= 0.417, outperforming both the SDG and CG. The interview findings further showed that the EALAD helped
learners recognize emotional states, respond to difficulties more promptly, and interpret progress more holisti-
cally. Participants viewed the standard dashboard as useful for pacing and progress tracking, but less helpful for
understanding engagement quality. The findings suggest that integrating real-time emotional indicators with
actionable dashboard prompts can support self-regulatory decision-making, meaningful engagement, and
achievement in self-paced MOOC environments.

1. Introduction

The rapid growth of massive open online courses (MOOCs) has
expanded access to flexible learning, but it has also intensified concerns
about sustaining learners’ motivation, self-regulation, and engagement
in self-paced environments [1,2]. Because learners often study with
limited real-time instructor support, they may struggle to monitor
progress, adjust strategies, and maintain persistence over time [3].
Learning analytics dashboards (LADs) have been introduced as one
response to these challenges because they can visualize progress and
performance and support metacognitive monitoring. However, many
LADs remain largely descriptive and do not consistently help learners
translate analytics into actionable self-regulatory decisions [4]. Reviews
of dashboard research also show that student-facing LADs have mainly
emphasized behavioral traces, such as time, activity, and clicks, as well
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as cognitive or performance indicators, such as scores and completion,
while affective information has often been limited or weakly integrated
[5,6]. This gap is important because achievement emotions shape
attention, strategy use, persistence, and engagement quality, especially
when learners must regulate their study with minimal instructional
mediation [7,8].

Affective learning analytics extends conventional learning analytics
by considering learners’ emotional states alongside cognitive and
behavioral evidence [9,10]. Drawing on affective computing, such sys-
tems can infer emotional states from multimodal traces, including facial
expressions, voice, interaction patterns, and physiological signals, and
then present these inferences as interpretable indicators for feedback
and adaptive support [11,12]. Recent advances in artificial intelligence,
sensor technologies, and human-computer interaction have further
strengthened the feasibility of systems that detect, represent, and
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respond to emotional dynamics in real time [13]. This capability is
particularly relevant in self-paced MOOCs, where frustration, boredom,
or anxiety can undermine persistence, while timely affect-aware feed-
back may help learners sustain motivation and engagement.

Evidence from large-scale MOOC research also indicates that self-
regulated learning (SRL) profiles are closely related to persistence,
engagement, and goal attainment. Kizilcec et al. [14], for example,
found that goal setting and strategic planning were associated with
stronger goal attainment in MOOCs. Because self-paced MOOCs require
learners to manage time, effort, and learning pathways with limited
external structure, systems that strengthen SRL processes may be espe-
cially valuable.

Emotion-aware learning analytics dashboards (EALADs) represent
one practical form of such support. In the present study, an EALAD is
defined as a learning analytics dashboard that integrates affective-state
indicators, generated through emotion recognition and related affective
analytics, with behavioral learning traces to provide real-time visuali-
zations and personalized prompts. These features are intended to help
learners monitor, interpret, and regulate both learning progress and
emotional states during task engagement. By combining emotional
feedback with traditional learning metrics, EALADs can offer a more
multidimensional view of progress and support learner self-regulation
and instructional adaptation [15,16]. Unlike standard dashboards that
mainly emphasize pacing and task completion, EALADs are designed to
promote affective awareness, adaptive regulation, and personalized
feedback over time [4].

The mechanism underlying EALADs can be understood as a closed-
loop cycle. First, affective cues are detected and summarized into
interpretable dashboard indicators. Second, these indicators are pre-
sented with progress and behavioral traces to help learners diagnose
their current learning state. Third, the system provides timely, strategy-
oriented prompts aligned with the learner’s state and task demands,
such as adjusting pace, taking a strategic break, revisiting difficult
content, seeking help, or reallocating effort. Finally, learners’ responses
and trace data feed back into the dashboard and inform later prompts,
allowing personalization across learning episodes [17,18]. Empirical
evidence suggests that emotion-aware dashboards can support SRL
strategies, motivation, and engagement [19,20]. Zheng et al. [20]
showed that interventions informed by dashboard emotion data could
increase learner persistence, while Valle et al. [21] found that predictive
dashboards combined with task-value scaffolding helped reduce the
effects of negative affect, including statistics anxiety.

The potential value of EALADs is especially clear for metacognitive
regulation, which refers to the planning, monitoring, and evaluation
processes through which learners supervise and adjust their cognitive
activity [22]. In technology-supported learning environments, meta-
cognitive regulation has been linked to stronger learning outcomes
because learners often need to respond to difficulties without immediate
instructor input [23,24]. From an SRL perspective, Pintrich [25], Winne
and Hadwin [18], and Zimmerman [26] suggest that learners benefit
when feedback helps them monitor their state and choose appropriate
strategies. Affective cues may therefore function as diagnostic signals
that sharpen metacognitive monitoring and control, especially when
dashboards reduce the uncertainty of deciding what to do next. Tools
that make both cognitive and affective states visible can support more
calibrated self-assessment and strategic adjustment [27,28]. Because
metacognitive regulation is also associated with academic achievement
and can support resilience, motivation, and lower anxiety in language
and online learning contexts, EALADs may also contribute to perfor-
mance gains [29,24,30].

Academic performance in technology-rich learning environments is
shaped by interacting cognitive, behavioral, emotional, and contextual
factors, which makes improvement more likely when regulation and
engagement are strengthened together rather than treated as isolated
outcomes [31,32]. In online and blended learning, SRL strategies have
consistently been associated with higher achievement, as Zhao et al.
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[33] also reported. At the same time, digital engagement supports
learning only when it is purposeful and well regulated, since participa-
tion alone does not guarantee achievement gains [34-36]. Interventions
that foreground self-monitoring, adaptive feedback, and structured
self-evaluation have been shown to improve learning by strengthening
metacognitive awareness and motivation [37,38]. From this perspec-
tive, EALADs may improve performance in self-paced MOOCs because
they are positioned to support regulation and engagement at the same
time.

Engagement is commonly understood as a multidimensional
construct that includes behavioral, cognitive, and emotional di-
mensions, and it remains central to learning success in online environ-
ments [39]. In MOOCs, engagement shapes persistence, learning depth,
and the effectiveness of instructional interventions [40,41]. Schiller
et al. [42,43] found that stronger behavioral engagement, often re-
flected in interaction logs, was associated with more favorable learning
outcomes, and Liu et al. [44] showed that sustained participation in
MOOC discussions can predict achievement. Nonetheless, disengage-
ment continues to challenge large-scale online learning, particularly
when learners perceive limited interactivity or weak relevance to their
goals [45]. Because engagement quality is sensitive to learners’
moment-to-moment appraisals and emotions, dashboards that make
affective information visible and interpretable may be especially useful
for sustaining meaningful participation in self-paced MOOCs.

Although EALADs are theoretically promising, their empirical value
in MOOCs requires clearer specification. In particular, more evidence is
needed on whether emotion-aware dashboards offer measurable ad-
vantages over standard dashboards and how affect-aware feedback may
support metacognitive regulation, multidimensional engagement, and
academic performance. The present study is informed by SRL perspec-
tives [25,26] and by accounts that emphasize the functional role of
achievement emotions [7], with control-value theory of achievement
emotions serving as the central theoretical frame. Pekrun [7,46] and
Pekrun and Perry [8] explain that learners’ appraisals of control and
value shape achievement emotions, which then influence strategy use,
engagement quality, and performance. Accordingly, this study advances
an integrated account in which emotion-aware feedback is expected to
strengthen metacognitive monitoring and control, support multidi-
mensional engagement, and improve academic performance in
self-paced learning. The study evaluates the effects of EALADs in com-
parison with a standard dashboard and a no-dashboard control condi-
tion in a self-paced MOOC, using both quantitative and qualitative
evidence to inform the design of affect-aware learning environments.

2. Theoretical and empirical background of the study

The use of EALAD:s in self-paced MOOCs can be understood through
complementary theories that explain how emotional, cognitive, and
motivational processes shape learning. Within SRL theory, learners are
viewed as active agents who set goals, monitor progress, manage
cognition and motivation, and adapt strategies to improve learning [25,
26]. Successful self-paced learning therefore depends strongly on met-
acognitive regulation, including planning, monitoring, and evaluating
learning processes [47,48]. EALADs can support these processes by
integrating emotional and behavioral information into timely, individ-
ualized feedback that helps learners notice their internal states, interpret
their progress, and make more calibrated adjustments during study [49].
This support is particularly relevant in self-paced MOOCs, where
learners must often decide independently when to pause, revisit content,
regulate frustration, or sustain effort. From a cognitive-science
perspective, this pathway is also consistent with evidence that emo-
tions influence attention, working memory, executive control, and
memory consolidation, all of which affect what learners notice, process,
and retain [50-52].

Metacognition theory further clarifies why emotion-aware feedback
may matter for autonomous online learning. Flavell [53] conceptualized
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metacognition as learners’ awareness and regulation of their own
cognitive processes, and Schraw and Dennison [54] distinguished be-
tween metacognitive knowledge and metacognitive regulation. In this
tradition, metacognitive knowledge concerns what learners know about
their strengths, weaknesses, and strategies, while metacognitive regu-
lation involves the deliberate management of attention, effort, and
strategy use [55]. EALADs can strengthen metacognitive activity by
displaying learners’ emotional experiences alongside behavioral and
progress indicators [56]. For example, learners may better recognize
how confusion, boredom, or anxiety coincides with reduced concen-
tration, weaker persistence, or declining motivation. In this way, dash-
boards can make the emotional dimension of learning more visible and
open to regulation, an area that has often received less explicit attention
in conventional instructional settings [57].

Importantly, negative affect should not be treated as uniformly
harmful. D’Mello and Graesser [58] argue that confusion can sometimes
signal productive disequilibrium, especially when learners receive
adequate support to resolve misunderstanding. Similarly, Kapur [59]
showed that productive struggle can support deeper learning when
appropriately structured. However, persistent boredom or anxiety may
weaken perceived control, narrow attention, and contribute to disen-
gagement when learners lack timely strategies for restoring productive
effort [60,7]. For this reason, the value of EALADs lies not in removing
all negative emotion, but in helping learners distinguish productive
struggle from escalating unproductive affect and choose timely regula-
tion strategies.

Affective computing provides the technological basis for this kind of
support. Picard [11] introduced affective computing as an approach to
designing systems that can sense, interpret, and respond to human
emotions. In educational technology, this work has informed
emotion-aware learning systems that use observable and physiological
cues, such as facial expressions, vocal features, and bodily responses, to
infer learners’ affective states [12]. EALADs extend these capabilities by
presenting real-time emotional feedback together with familiar learning
analytics indicators. Han et al. [61] suggest that such feedback can be
especially useful when learners encounter demanding content or begin
to disengage, because it can help them recognize affective changes
before motivation and persistence decline. Methodologically, affective
computing in learning contexts often involves data capture from sources
such as facial behavior, speech prosody, interaction logs, eye-gaze
proxies, electrodermal activity, or heart-rate variability, followed by
feature extraction, model-based inference, and multimodal fusion [62].
Yadegaridehkordi et al. [63] emphasize that the value of these systems
depends on transparent labeling, contextual sensitivity, and clear
alignment between inferred affective states and learning-relevant con-
structs. Thus, affect sensing is educationally meaningful only when
dashboard indicators are interpretable, instructionally useful, and con-
nected to feasible regulation options.

Cognitive load theory also helps explain the potential role of EALADs
in self-paced learning. Learning is most effective when working-memory
demands are managed in ways that preserve capacity for germane
processing and schema construction [64-66]. In technology-mediated
environments, anxiety, frustration, and boredom can increase extra-
neous load and reduce learners’ ability to process and integrate new
information [67]. From this standpoint, EALADs may support learning
by alerting learners to unproductive affect and offering prompts that
help regulate effort, pacing, and task approach before cognitive de-
mands become overwhelming. For instance, when confusion is detected,
a dashboard may suggest revisiting prerequisite content, slowing down,
or taking a brief reflective break [68]. At the same time, because
confusion can also promote deeper processing when it remains
manageable, EALADs should support resolution-oriented regulation
without interrupting productive struggle too early [58,59].

Among the relevant theoretical perspectives, control-value theory
(CVT) of achievement emotions offers the most direct rationale for
EALADs. CVT explains that achievement emotions arise from learners’
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appraisals of control and value and then influence attention, engage-
ment, strategy use, and performance [7,46,8]. In self-paced MOOCs,
perceived control may decline when task difficulty increases, while
perceived value may weaken when activities feel repetitive or discon-
nected from learners’ goals. EALADs are therefore positioned to support
learning by making emotional states visible, linking them to behavioral
traces, and prompting timely regulation, such as slowing down, revis-
iting content, taking restorative breaks, or reallocating effort.
Self-determination theory is also relevant because dashboards may
protect learners’ autonomy and competence, which are important for
persistence [69-72]. However, the present intervention is anchored
mainly in CVT because it focuses specifically on the detection, inter-
pretation, and regulation of achievement emotions during learning.

Taken together, these perspectives support a dashboard-to-outcome
pathway in which EALAD effects depend on three connected pro-
cesses. First, dashboards increase awareness of learning-relevant
emotional and behavioral signals. Second, learners interpret those sig-
nals in relation to goals, progress, and task demands. Third, learners
select and enact appropriate strategies. Jivet et al. [17], Verbert et al.
[73], and Winne and Hadwin [18] similarly emphasize that dashboard
feedback becomes meaningful when it supports awareness,
sense-making, and action. This pathway also explains why dashboards
may sometimes change engagement behaviors without immediately
improving performance. Feedback may increase awareness and reflec-
tion, but performance gains are more likely when learners can translate
feedback into concrete strategic action [7,25].

Empirical evidence supports this interpretation while also showing
that dashboard effects depend on design quality. Han et al. [61] exam-
ined LADs in face-to-face collaborative argumentation (FCA) over four
weeks with 88 university students. They used two adaptive dashboards,
one for helping students monitor collaboration and another for helping
teachers provide timely intervention. The results showed improvements
in FCA outcomes and student engagement, and participants generally
perceived the dashboards as usable and useful. These findings suggest
that adaptive dashboards can support metacognitive regulation and
engagement by making learning-relevant signals more visible and by
enabling more timely feedback. At the same time, broader reviews
caution that dashboard effects vary according to framing, comparison
features, and the extent to which analytics are translated into actionable
recommendations [5,6].

Further evidence comes from studies of motivational and
performance-oriented dashboard features. Fleur et al. [74] conducted
two randomized controlled trials in higher education, including one
online course during the COVID-19 pandemic, to examine the effects of
social comparison features in LADs. Their dashboards displayed
learners’ actual and predicted performance alongside peer comparisons
and produced meaningful gains in extrinsic motivation and academic
achievement, although changes in metacognitive ability were not sta-
tistically significant. This pattern suggests that performance-focused
dashboards may energize effort and goal striving, but they may not
improve metacognitive functioning unless they explicitly prompt
monitoring and control. Toyokawa et al. [75] reported a similar
process-oriented pattern in secondary education. Their Active Reading
Dashboard (AR-D) helped high school English learners display more
effective learning behaviors, even though vocabulary and reading
comprehension gains were similar across groups. These findings indicate
that dashboards can shape engagement and self-regulatory habits even
when achievement effects are less immediate, especially when the
intervention primarily influences learning processes rather than content
mastery. In line with this view, feedback is most likely to support robust
outcomes when it helps learners move from awareness to timely strategy
adjustment [17,25].

Recent language-learning research also highlights the importance of
specific dashboard features. Geng and Yamada [76] developed a
learning analytics dashboard for intermediate learners of Japanese that
combined personal learning data, social comparison features, and
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visualizations of learning processes. In a sample of 31 participants, they
found significant gains in knowledge acquisition and metacognitive
awareness. Learners who attended more closely to social comparison
and process visualizations tended to show stronger knowledge retention,
while those who focused on personal learning data showed greater
metacognitive development. This pattern shows that dashboards should
not be treated as uniform interventions. Their effects depend on the
information made salient, learners’ interpretation of that information,
and the availability of regulation options that remain actionable under
emotional pressure [7,26].

Overall, the theoretical and empirical evidence suggests that EALADs
can support metacognitive regulation, motivation, engagement, and, in
some cases, academic performance when feedback is timely, actionable,
and emotionally contextualized. This makes EALADs especially prom-
ising for self-paced MOOCs, where learner autonomy is high and
external guidance is limited. However, their value should not be reduced
to visualization alone. EALADs are best understood as regulation-
oriented systems whose effectiveness depends on how affective and
behavioral indicators are converted into interpretable guidance for
monitoring, sense-making, and strategy enactment across learning epi-
sodes [17,73].

2.1. Research gap and questions

Despite growing interest in EALADs, important gaps remain in un-
derstanding their value for self-paced MOOCs, particularly among Ira-
nian English as a Foreign Language (EFL) learners. Much existing
research has examined dashboard use in general higher education or
broader online-course contexts mainly outside this population, leaving
culturally and linguistically diverse learners comparatively under-
examined. This gap is important because self-paced MOOCs place strong
demands on SRL, and Kizilcec et al. [14] showed that learners’ SRL
profiles are meaningfully associated with engagement trajectories and
goal attainment. Although prior studies have reported benefits for
motivation and engagement, fewer studies have simultaneously exam-
ined the effects of EALADs on metacognitive regulation, engagement,
and academic achievement in English-medium instructional-design
MOOCs involving Iranian EFL learners.

Another limitation concerns explanatory clarity. Dashboard studies
often report outcome differences without specifying which part of the
learning mechanism has changed, such as learners’ awareness of
learning-relevant signals, their interpretation of those signals, or their
subsequent strategic actions. This lack of precision makes it difficult to
explain null or mixed findings across contexts [5,17,6]. In addition,
many dashboards still emphasize cognitive and behavioral analytics
while giving less attention to emotional feedback that is sensitive to
learners’ affective and motivational needs. This issue is especially rele-
vant for Iranian EFL learners studying disciplinary content through
English-medium self-paced MOOCs, where self-regulation demands,
anxiety, and motivational fluctuation may shape learning engagement
[77,78]. From the perspective of achievement emotions, such learners
may experience shifting control and value appraisals during
English-mediated instructional-design tasks, which can influence strat-
egy use, engagement quality, and performance [7,8].

Accordingly, Iranian EFL learners enrolled in an English-medium
instructional-design MOOC provide a meaningful context for exam-
ining whether EALADs can support affective awareness, metacognitive
regulation, and sustained engagement rather than merely tracking
behavioral progress. This context also allows closer attention to
cognitive-affective states such as confusion, which may support pro-
ductive sense-making when learners receive guidance for resolution and
strategy adjustment, but may undermine learning when it develops into
persistent negative affect [58,60].

To address these gaps, the present study examines whether an
EALAD can support Iranian EFL learners’ metacognitive regulation,
academic performance, and behavioral, cognitive, and emotional
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engagement in an English-medium, self-paced instructional-design
MOOC. The study treats these outcomes as interrelated components of
a single explanatory pathway. Specifically, EALAD feedback is expected
to enhance learners’ affective awareness and help them interpret their
learning states more clearly. This awareness is expected to strengthen
metacognitive monitoring and control, support sustained multidimen-
sional engagement, and contribute to stronger academic performance.
The following research questions guided the study:

RQ1. To what extent does access to an EALAD influence Iranian EFL
learners’ metacognitive regulation in an English-medium, self-paced
instructional-design MOOC compared with a standard dashboard or
no dashboard?

RQ2. To what extent does access to an EALAD affect Iranian EFL
learners’ academic performance in an English-medium, self-paced
instructional-design MOOC?

RQ3. To what extent does access to an EALAD influence Iranian EFL
learners’ behavioral, cognitive, and emotional engagement in an
English-medium, self-paced instructional-design MOOC?

RQ4. How do learners perceive the contribution of EALADs to self-
paced MOOC learning, metacognitive regulation, and engagement?

3. Method
3.1. Participants

A total of 150 undergraduate EFL learners from three Iranian uni-
versities participated voluntarily in the study. All participants were
enrolled in an English-medium, self-paced MOOC on instructional
design. Their ages ranged from 18 to 32 years (EDG: 18 to 32 years, M =
24.7, SD = 3.8; SDG: 18 to 31 years, M = 24.5, SD = 4.0; CG: 19 to 32
years, M = 24.6, SD = 3.9; overall: M = 24.6, SD = 3.9), and the sample
included 78 female and 72 male learners (EDG: 26 female, 24 male; SDG:
26 female, 24 male; CG: 26 female, 24 male). To ensure broadly com-
parable English proficiency across groups, all participants completed the
Oxford Quick Placement Test (OQPT) before the intervention. Only
learners who scored between 31 and 40, corresponding to the inter-
mediate proficiency band, were included.

The target sample size was determined before recruitment to support
reliable comparisons across the three experimental conditions.
Following Cohen’s [79] guidance for detecting medium effects in
group-based designs, and using standard power-analysis procedures for
regression-family tests [80], a balanced sample of approximately 50
participants per condition was considered appropriate. Consistent with
Lakens [81], the planned N was treated as the minimum sample ex-
pected to provide decision-relevant evidence while supporting stable
estimation of adjusted group means. The final allocation therefore
included 50 participants in the emotion-aware dashboard group (EDG),
50 in the standard dashboard group (SDG), and 50 in the control group
(CG). This balanced structure also helped preserve precision for pairwise
comparisons and allowed for the possibility of attrition, which is com-
mon in self-paced online learning.

Recruitment was conducted through course announcements, and
participation was voluntary. After eligibility screening, participants
provided written informed consent and were randomly assigned to the
EDG, SDG, or CG using stratified randomization by gender. Ethical
approval was obtained from a state-run university. Participants in the
EDG also gave explicit consent for the use of facial emotion recognition
during the intervention. They were informed that facial video data
would be processed in real time, anonymized immediately after feature
extraction, and deleted after the analyses were completed. All partici-
pants were also told that they could withdraw from the study at any
point without penalty.

The sample was drawn from a defined population of intermediate-
level undergraduate EFL learners in Iranian universities who were
willing to participate in an English-medium, self-paced MOOC. This
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sampling structure strengthened internal comparability, particularly by
reducing large proficiency differences, but it also limits the scope of
generalization. Because participants were recruited voluntarily from the
participating universities, the sample is best understood as a conve-
nience sample from this educational context. As Bornstein et al. [82]
note, self-selection may reflect motivation, availability, or interest in
technology-supported learning. Accordingly, the findings should be
interpreted primarily as evidence about differences among the three
instructional conditions within the observed setting. Broader general-
ization should be tested through replication across additional in-
stitutions, proficiency levels, and cultural contexts, as emphasized in
discussions of representativeness in educational and behavioral research
[83]. Transparent reporting of the sampling approach and sample-size
rationale also strengthens the interpretability of controlled compari-
sons within a defined population [81]. (Table 1).

3.2. Instruments

The first instrument was the OQPT, which was used to screen par-
ticipants’ English proficiency before the intervention. The OQPT in-
cludes 60 multiple-choice items assessing grammar, vocabulary, and
reading comprehension, and its scores are mapped onto the Common
European Framework of Reference for Languages (CEFR) bands. In the
present study, only learners who scored between 31 and 40, corre-
sponding to the intermediate level, were included. This procedure hel-
ped ensure a broadly comparable language proficiency level across the
three experimental groups.

The second instrument was the Behavioral, Cognitive, and Emotional
Engagement Questionnaire, adapted from Al-Obaydi et al. [84]. The
questionnaire measured engagement as a multidimensional construct
through three subscales: behavioral engagement with 11 items, cogni-
tive engagement with 12 items, and emotional engagement with 12
items. Items were rated on a five-point Likert scale ranging from strongly
disagree to strongly agree. Before the main study, the adapted ques-
tionnaire was piloted with 31 EFL learners comparable to the target
population. The pilot confirmed item clarity and contextual suitability,
and minor wording revisions were made to simplify complex phrases
and improve the comprehensibility of several emotional engagement
items. Reliability was satisfactory, with Cronbach’s alpha values of 0.87
for behavioral engagement, 0.83 for cognitive engagement, and 0.85 for
emotional engagement. Content validity was supported by three EFL
professionals, and exploratory factor analysis confirmed the intended
three-factor structure. The use of this multidimensional measure was
appropriate because engagement is commonly understood as behav-
ioral, cognitive, and emotional in nature, and these dimensions provide
richer evidence than platform logs alone [85].

The third instrument was the Metacognitive Awareness Inventory
(MAI), developed by Schraw and Dennison [54]. The MAI includes 52
items representing two broad components: knowledge of cognition and
regulation of cognition. In this study, the MAI was administered at

Table 1
Participant characteristics.
Characteristic EDG SDG CG Total
N 50 50 50 150
Age range 18 to 32 18 to 31 19 to 32 18 to 32
Age, M (SD) 24.7 24.5 24.6 24.6
(3.8) (4.0) 3.9 3.9)
Female, n 26 26 26 78
Male, n 24 24 24 72
Universities represented 3 3 3 3
Eligibility based on OQPT 31 to 40 31 to 40 31 to 40 31 to 40
band

NOTE. M = mean; SD = standard deviation; EDG = emotion-aware dashboard
group; SDG = standard dashboard group; CG = control group; OQPT = Oxford
Quick Placement Test.
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pretest and posttest using a five-point Likert-type response format,
yielding a possible total score range of 52 to 260, with higher scores
indicating stronger metacognitive awareness and regulation. The in-
strument was selected because it directly captures planning, monitoring,
and strategic control, which align with the study’s emphasis on
self-paced learning and metacognitive regulation. Schraw and Dennison
[54] reported strong psychometric properties for the MAIL and
self-report measures of metacognition remain widely used in
technology-supported learning research [86-88]. Total scores were
computed by summing the 52 item responses after reverse-coding
negatively keyed items where applicable, and internal consistency was
evaluated using Cronbach’s alpha = 0.84, which is appropriate for
multi-item Likert-type scales. Validity interpretation was supported by
preserving the original construct mapping and examining whether item
clusters aligned with the two MAI components.

Academic performance was measured through a researcher-
developed reading comprehension test aligned with the learning ob-
jectives of the instructional design MOOC. The test included 60 items
covering key course topics and was designed to assess learners’ course-
relevant knowledge and skills. To capture different levels of cognitive
demand, it included multiple-choice questions, true or false items, and
short-answer questions. The test was piloted with 30 learners from a
comparable population to check clarity, difficulty, and administration
time, and minor revisions were made accordingly. Content validity was
reviewed by instructional design faculty and language assessment spe-
cialists. Scores were standardized to a total of 30 points, with items
weighted proportionally. Reliability evidence indicated good internal
consistency, with Cronbach’s alpha of 0.87. The test was administered at
both pretest and posttest to examine baseline comparability and
compare academic performance across the three conditions after the
intervention.

Finally, semi-structured interviews were conducted after the inter-
vention to obtain a richer account of learners’ experiences. Interviewees
were selected through criterion-based purposive sampling with a
maximum-variation logic [89]. Participants were eligible for interviews
if they completed the intervention and posttest measures, consented to
follow-up interviews, and represented different engagement and per-
formance profiles within each condition. Selection also considered
variation in learning trajectories, such as sustained or fluctuating
participation, and sought gender balance where volunteer availability
allowed. The interview protocols were tailored to each group. EDG
participants reflected on real-time emotional feedback and the integra-
tion of facial emotion data with clickstream information. SDG partici-
pants discussed clickstream-based progress feedback and its role in
engagement and self-monitoring. CG participants described learning
without dashboard support and the strategies they used for
self-regulation and emotional management. Each interview lasted
approximately 30 to 45 min, was audio-recorded with consent, and was
transcribed for thematic analysis. In total, 27 interviews were con-
ducted, with nine participants from each group, and sampling ended
when thematic patterns became stable within and across conditions.

3.3. Treatment for each group

Participants were assigned to one of three conditions during a three-
month, self-paced MOOC on instructional design. The course included
10 reading texts with related comprehension checks and reflection tasks.
To ensure consistent instructional exposure, all groups completed the
same texts in the same order, used the same MOOC platform, followed
the same deadlines, and worked under identical scoring rules and
assessment windows. The texts were selected and reviewed in advance
to ensure comparable topic relevance, length, and expected difficulty.
Following intervention-reporting guidance, the treatment components,
delivery features, and fidelity-relevant procedures were specified to
support replication [90]. Learners were expected to complete approxi-
mately one text per week during the first 10 weeks, while the remaining
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weeks were used for consolidation and posttest completion. The ex-
pected weekly workload was approximately 2 to 3 h.

In the emotion-aware dashboard group (EDG, n = 50), learners
accessed the MOOC through an EALAD. The dashboard integrated real-
time emotional feedback from FaceReader emotion recognition software
with clickstream-based learning traces. FaceReader analyzed facial ex-
pressions during study and generated indicators of emotional states such
as frustration, confusion, boredom, and engagement. These affective
indicators were combined with behavioral traces, including time on
task, navigation patterns, repeated backtracking, rapid skipping, inac-
tivity, and comprehension-check attempts. The EALAD then presented
learners with an integrated view of their learning progress and
emotional engagement.

The EDG dashboard also delivered personalized, strategy-oriented
prompts to support metacognitive regulation. These prompts were
generated through a rule-based logic that combined affective signals
with behavioral evidence, and each prompt was logged with its time-
stamp and trigger pattern, consistent with Hoffmann et al.’s [90]
emphasis on transparent intervention reporting. Prompts were delivered
in two formats: a brief on-screen notification and a persistent next-step
panel with a short recommendation and a one-click link to a relevant
support feature, such as a glossary entry, recap, or optional practice
item. Prompt content focused on three regulation goals.
Comprehension-repair prompts encouraged learners to reread, summa-
rize, or revisit difficult sections. Pacing and effort-recalibration prompts
guided learners to slow down, monitor understanding, or complete a

Computers and Education Open 10 (2026) 100385

self-check before continuing. Affect-regulation prompts suggested ac-
tions such as taking a brief break and returning to a recap or example
item when confusion or frustration persisted.

To reduce unnecessary interruptions, prompts were issued only
when an affective indicator exceeded a predefined threshold for a
minimum continuous period and at least one behavioral marker also
suggested struggle or disengagement. For example, confusion or frus-
tration prompts required signs such as unusually prolonged time on task,
repeated backtracking, or repeated incorrect attempts. Disengagement
prompts were triggered by extended inactivity or rapid page transitions
with limited dwell time. Boredom prompts required boredom signals
together with accelerated scrolling or repeated fast transitions. Prompts
were rate-limited through a cooldown interval, and learners could
dismiss them without penalty. Dismissals and follow-up actions were
recorded in system logs to support fidelity interpretation [90].

In the standard dashboard group (SDG, n = 50), learners used a
conventional dashboard based only on clickstream analytics. The SDG
dashboard displayed progress through the 10 texts, time on task, per-
text completion status, navigation summaries, and comprehension-
check scores. These indicators were shown through a progress bar,
per-text summary table, and simple trend visuals for cumulative time
and quiz performance. The SDG interface was kept as similar as possible
to the EDG interface, except that it did not include any affective panel,
emotion indicators, personalized prompts, or adaptive recommenda-
tions. This design preserved treatment separation while allowing the
study to compare the added value of emotion-aware feedback beyond

Recruitment (MOOC announcements)

Eligibility screening (OQPT; intermediate band 31-40)

Informed consent (FaceReader consent included for EDG)

Pretest (Engagement + MAI)

Stratified randomization by gender

3-month intervention (10 reading texts + identical tasks across groups)

* EDG: EALAD enabled (FaceReader + clickstream) — personalized prompts
* SDG: Standard dashboard (clickstream only; no emotion data; no personalized
prompts)

* CG: No dashboard (platform access only; no analytics feedback)

Posttest (Engagement + MAI + academic performance test)

Interviews (n = 27; nine per group)

Thematic analysis

Fig. 1. Study design and intervention flowchart.
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standard progress tracking.

In the control group (CG, n = 50), learners completed the same 10
reading texts, comprehension checks, and reflection activities without
any dashboard support. They accessed the same instructional materials
and followed the same assessment windows as the EDG and SDG, but all
analytics feedback, real-time monitoring, visual summaries, and auto-
mated prompts were disabled. Thus, the CG represented independent
self-paced MOOC participation without dashboard-based support.
(Fig. 1)

3.4. Data analysis

Quantitative analyses were conducted in SPSS version 26. Before
hypothesis testing, the data were screened for missing values, outliers,
influential cases, and the main assumptions of covariate-adjusted
models. Distributional normality was examined using Kolmogorov-
Smirnov tests, and homogeneity of variances was assessed through
Levene’s test. Linearity between each covariate and its corresponding
outcome, as well as the homogeneity of regression slopes across groups,
was also checked before estimating the main models.

For metacognitive regulation and engagement outcomes, mixed-
design ANCOVA models were used, with the relevant pretest scores
entered as covariates. Academic performance was analyzed using one-
way ANCOVA, with OQPT scores controlled to adjust for baseline pro-
ficiency differences. In each model, Group, including EDG, SDG, and CG,
was entered as the fixed factor. To control residual baseline variability
and strengthen interpretability, pretest scores and relevant covariates
were included in the analyses. Because several outcomes were exam-
ined, a multivariate omnibus test using Pillai’s Trace was conducted
first. When the omnibus Group effect was significant, follow-up uni-
variate ANCOVAs were performed for each dependent variable.

Statistical significance was evaluated at o = 0.05 using two-tailed
tests. In line with contemporary quantitative reporting standards, F
values, degrees of freedom, exact p values where available, and partial
n? values were reported [91,92]. Cumming [93] emphasized the value of
estimation-focused reporting; accordingly, 95% confidence intervals
were reported for adjusted posttest means and adjusted mean differ-
ences. When significant Group effects were found, Bonferroni-adjusted
pairwise comparisons were used to identify differences among EDG,
SDG, and CG while controlling the familywise error rate. To reduce
time-related confounding during the three-month intervention,
instructional content, task sequence, assessment windows, and learning
conditions were held constant across groups, except for the dashboard
features assigned to each condition. Analytic sample sizes were reported
with the results tables to support transparency and reproducibility.

Qualitative interview data were analyzed through thematic analysis
following Braun and Clarke’s [94] six-phase procedure. The transcripts
were first read repeatedly to support familiarization with the data.
Initial codes were then generated, organized, reviewed, and refined into
themes. An initial codebook was developed through open coding and
applied systematically across all transcripts, with refinements docu-
mented during the analytic process. To strengthen trustworthiness,
coding decisions and emerging themes were peer reviewed by two re-
searchers, and member checking was used to confirm the interpretive
adequacy of the final themes.

4. Results

The results are presented in two parts: quantitative findings
addressing RQs 1-3, and qualitative findings addressing learners’
perceived contribution of dashboard support to self-paced MOOC
learning, addressing RQ4.

Preliminary screening supported the use of the planned covariate-
adjusted analyses. The dataset contained no missing responses for the
variables included in the main models. Standardized residuals were
within acceptable limits, with all values below |3.00|, and Cook’s
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distance values were below 1.00, indicating that no case had a dispro-
portionate effect on the results. Residual distributions were acceptable
for behavioral engagement, Kolmogorov-Smirnov D = 0.061, p = .200,
Shapiro-Wilk W = 0.987, p = .176; cognitive engagement, Kolmogorov-
Smirnov D = 0.058, p = .200, Shapiro-Wilk W = 0.989, p = .241;
emotional engagement, Kolmogorov-Smirnov D = 0.064, p = .200,
Shapiro-Wilk W = 0.984, p = .092; metacognitive regulation,
Kolmogorov-Smirnov D = 0.052, p = .200, Shapiro-Wilk W =0.991, p =
.398; and academic performance, Kolmogorov-Smirnov D = 0.067, p =
.200, Shapiro-Wilk W = 0.982, p = .061. Levene’s tests supported
variance equality for behavioral engagement, F(2, 147) = 1.184, p =
.309; cognitive engagement, F(2, 147) = 0.927, p = .398; emotional
engagement, F(2, 147) = 1.326, p = .269; metacognitive regulation, F(2,
147) = 1.541, p =.217; and academic performance, F(2, 147) = 0.884, p
= .415. Visual inspection of scatterplots indicated approximately linear
relations between the covariates and posttest outcomes. The Group x
pretest terms were not statistically significant for behavioral engage-
ment, F(2, 144) = 0.812, p = .446; cognitive engagement, F(2, 144) =
0.736, p = .481; emotional engagement, F(2, 144) = 1.094, p = .337;
and metacognitive regulation, F(2, 144) = 0.968, p = .382. The Group x
OQPT term was also nonsignificant for academic performance, F(2, 144)
= 0.849, p = .430. These preliminary results supported the use of the
planned ANCOVA models.

Table 2 summarizes the descriptive statistics for behavioral
engagement, cognitive engagement, emotional engagement, meta-
cognitive regulation, and academic performance across the three groups
at pretest and posttest. A close look at the pretest means shows that the
groups began from broadly similar starting points. For behavioral,
cognitive, and emotional engagement, the between-group differences
were small and stayed within roughly one point, while metacognitive
regulation and academic performance differed by no more than about
two points. This pattern suggests that baseline levels were reasonably
comparable prior to the intervention.

Table 2
Descriptive statistics for each dependent variable by group and time.

Variable Group  Pretest M Posttest M N Scale
(SD) (SD) Range

Behavioral EDG 37.88 47.70 (3.60) 50 11-55
Engagement (4.13)

Behavioral SDG 36.02 44.08 (4.03) 50 11-55
Engagement (4.21)

Behavioral CG 37.44 39.70 (4.29) 50 11-55
Engagement (4.66)

Cognitive EDG 40.22 49.50 (3.58) 50 12-60
Engagement (4.17)

Cognitive SDG 39.38 45.04 (3.95) 50 12-60
Engagement (4.12)

Cognitive CG 39.18 40.92 (3.89) 50 12-60
Engagement (4.34)

Emotional EDG 37.20 51.44 (4.29) 50 12-60
Engagement (3.84)

Emotional SDG 38.42 46.04 (3.70) 50 12-60
Engagement (4.21)

Emotional CG 39.10 41.70 (4.06) 50 12-60
Engagement (4.68)

Metacognitive EDG 168.46 217.96 50 52-260
Regulation (11.63) (11.75)

Metacognitive SDG 167.88 200.24 50  52-260
Regulation (9.45) (9.09)

Metacognitive CG 169.32 187.62 50 52-260
Regulation 9.97) (10.02)

Academic EDG 20.18 26.60 (2.25) 50 0-30
Performance (2.35)

Academic SDG 19.12 24.28 (1.98) 50 0-30
Performance (2.46)

Academic CG 19.32 22.44 (1.84) 50 0-30
Performance (2.68)

NOTE. M = mean; SD = standard deviation; EDG = emotion-aware dashboard
group; SDG = standard dashboard group; CG = control group.
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By posttest, the pattern of scores became more differentiated. The
EDG recorded the highest posttest means on all five measures and also
displayed the most substantial gains across time. Behavioral engage-
ment increased from 37.88 (SD = 4.13) to 47.70 (SD = 3.60), cognitive
engagement rose from 40.22 (SD = 4.17) to 49.50 (SD = 3.58), and
emotional engagement increased from 37.20 (SD = 3.84) to 51.44 (SD =
4.29). The increase in emotional engagement was particularly pro-
nounced, exceeding 14 points, which is consistent with the expectation
that real-time emotional feedback may be especially influential in sus-
taining learners’ affective involvement during self-paced MOOC study.
A similar pattern was observed for metacognitive regulation, which rose
from 168.46 (SD = 11.63) to 217.96 (SD = 11.75), yielding the highest
posttest level among the three conditions. Academic performance also
improved markedly, increasing from 20.18 (SD = 2.35) to 26.60 (SD =
2.25), a score close to the upper bound of the 0-30 scale.

SDG also improved across outcomes, although the gains were
consistently smaller than those of the EDG. Behavioral engagement
increased from 36.02 (SD = 4.21) to 44.08 (SD = 4.03), and cognitive
engagement rose from 39.38 (SD = 4.12) to 45.04 (SD = 3.95).
Emotional engagement increased from 38.42 to 46.04, representing an
improvement of approximately 7.6 points. Metacognitive regulation
similarly increased from 167.88 (SD = 9.45) to 200.24 (SD = 9.09).
Academic performance rose from 19.12 (SD = 2.46) to 24.28 (SD =
1.98), indicating meaningful progress, albeit not at the level observed in
the emotion-aware condition.

In contrast, changes in CG, which received no dashboard support,
were relatively modest over the same period. Behavioral engagement
increased from 37.44 to 39.70, and cognitive engagement rose from
39.18 to 40.92. Emotional engagement moved from 39.10 to 41.70,
while metacognitive regulation increased from 169.32 to 187.62. Aca-
demic performance showed a similarly small gain, rising from 19.32 to
22.44.

Overall, the descriptive trends point to a consistent pattern in which
dashboard access was associated with greater improvements than the
no-dashboard condition, and the emotion-aware dashboard was asso-
ciated with the strongest gains across the measured outcomes. The dif-
ferences are most visible for emotional engagement and metacognitive
regulation, which accords with the study’s rationale that affect-aware
feedback, when paired with actionable guidance, can strengthen self-
regulatory processes and help sustain engagement in self-paced online
learning.

Table 3 reports the multivariate test of the Group effect using Pillai’s
Trace. After statistically controlling for pretest scores, the omnibus
analysis showed a clear overall difference among the three conditions,
namely the EDG, SDG, and CG, across the combined set of dependent
variables, behavioral engagement, cognitive engagement, emotional
engagement, metacognitive regulation, and academic performance, V =
0.884, F(20, 278) = 11.020, p < .001, partial n* = 0.442. Put differently,
group membership accounted for about 44.2% of the adjusted multi-
variate variance in the outcome set. In light of commonly used bench-
marks [95], this corresponds to a large multivariate effect and indicates
that the form of dashboard support, whether emotion-aware, standard,
or absent, was associated with substantial overall differences in learners’
outcomes in the self-paced MOOC.

Table 4 reports the follow-up univariate ANCOVAs for each outcome
at posttest, with the relevant covariate included in each model. The
results show a consistent pattern across variables. For behavioral
engagement, F(2, 146) = 50.653, p < .001, partial n? = 0.408, cognitive
engagement, F(2, 146) = 63.478, p < .001, partial n> = 0.463, emotional
engagement, F(2, 146) = 73.510, p < .001, partial n> = 0.500,

Table 3

Multivariate test results (Pillai’s trace).
Effect Value F P Partial n?
Group .884 11.020 < 0.001 442
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Table 4
Univariate ANCOVA results at posttest (controlling for pretest).
Dependent Variable  F(df) P Partial Interpretation
nZ
Behavioral F(2, 146) = < .408 Large effect
Engagement 50.653 0.001
Cognitive F(2, 146) = < .463 Large effect
Engagement 63.478 0.001
Emotional F(2, 146) = < .500 Large effect
Engagement 73.510 0.001
Metacognitive F(2, 146) = < .596 Large effect
Regulation 108.496 0.001
Academic F(2, 146) = < 417 Large effect
Performance 52.672 0.001

NOTE. For behavioral engagement, cognitive engagement, emotional engage-
ment, and metacognitive regulation, the relevant pretest score was entered as
the covariate. For academic performance, OQPT score was entered as the co-
variate. EDG = emotion-aware dashboard group; SDG = standard dashboard
group; CG = control group; OQPT = Oxford Quick Placement Test.

metacognitive regulation, F(2, 146) = 108.496, p < .001, partial n? =
0.596, and academic performance, F(2, 146) = 52.672, p < .001, partial
n? = 0.417, the Group effect remained statistically significant at posttest.
The magnitude of these differences was also substantial. Partial n? values
ranged from 0.408 to 0.596, which, in light of common benchmarks,
indicate large effects [95]. The strongest effect emerged for meta-
cognitive regulation (partial n* = 0.596), suggesting that a considerable
proportion of the adjusted variance in posttest regulation scores was
associated with group membership. Emotional engagement (partial n? =
0.500) and cognitive engagement (partial n* = 0.463) likewise showed
pronounced effects, followed by academic performance (partial 1> =
0.417) and behavioral engagement (partial n> = 0.408). Taken together,
these findings indicate that the form of dashboard support was linked to
meaningful differences across all measured outcomes, with the
emotion-aware dashboard condition demonstrating the most pro-
nounced advantages relative to the standard dashboard and control
conditions.

Table 5 summarizes the Bonferroni-adjusted pairwise comparisons
among the three groups at posttest for each dependent variable. A clear
and consistent pattern was observed. Across all outcomes, the EDG
performed significantly better than both the SDG and the CG, with all
corresponding comparisons reaching statistical significance (p < .001).
For behavioral engagement, the adjusted mean difference indicated that
the EDG scored 3.62 points higher than the SDG and 8.00 points higher
than the CG. The same ordering was found for cognitive engagement,
where the EDG exceeded the SDG by 4.46 points and the CG by 8.58
points. Differences were most pronounced for emotional engagement,
with the EDG scoring 5.40 points above the SDG and 9.74 points above
the CG. The largest separation occurred for metacognitive regulation:
the EDG surpassed the SDG by 17.72 points and the CG by 30.34 points.
For academic performance, the EDG again showed an advantage,
exceeding the SDG by 2.32 points and the CG by 4.16 points. In addition,
significant differences were also observed between the SDG and the CG
across all variables, indicating that access to a standard dashboard
conferred measurable benefits relative to having no dashboard support.
Nonetheless, the magnitude of these SDG-CG differences was consis-
tently smaller than the corresponding EDG contrasts, which suggests
added value when emotional analytics are integrated into dashboard
feedback.

4.1. Learners’ perceptions of the dashboard interventions

The thematic analysis of the 27 semi-structured interviews, including
nine participants from each condition, yielded six overarching themes
that explain how learners perceived the dashboards as supportive tools
for affective awareness, progress interpretation, pacing, self-monitoring,
and strategy adjustment.
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Table 5
Bonferroni-adjusted pairwise comparisons at posttest.

Dependent Comparison ~ Mean p 95% CI 95% CI

Variable Diff. Lower Upper

BE EDG - SDG 3.62 < 1.69 5.55
0.001

BE EDG - CG 8.00 < 6.07 9.93
0.001

BE SDG - CG 4.38 < 2.45 6.31
0.001

CE EDG - SDG 4.46 < 2.62 6.31
0.001

CE EDG - CG 8.58 < 6.74 10.43
0.001

CE SDG - CG 4.12 < 2.28 5.97
0.001

EE EDG - SDG 5.40 < 3.45 7.35
0.001

EE EDG - CG 9.74 < 7.79 11.69
0.001

EE SDG - CG 4.34 < 2.39 6.29
0.001

MR EDG - SDG 17.72 < 12.71 22.73
0.001

MR EDG - CG 30.34 < 25.33 35.35
0.001

MR SDG - CG 12.62 < 7.61 17.63
0.001

AP EDG - SDG 2.32 < 1.34 3.30
0.001

AP EDG - CG 4.16 < 3.18 5.14
0.001

AP SDG - CG 1.84 < 0.86 2.82
0.001

NOTE. BE (Behavioral Engagement); CE (Cognitive Engagement); EE (Emotional
Engagement); MR (Metacognitive Regulation); AP (Academic Performance).

Theme 1. Enhanced Self-Awareness through Emotional Feedback
(EDG)

EDG participants frequently described the real-time emotional in-
dicators as a “mirror” that helped them see not only what they were
doing on the platform, but also how they were feeling while learning.
This added visibility helped learners notice changes in motivation,
frustration, and boredom as they occurred and respond with concrete
regulation strategies. For example, one learner explained, “When I saw
my frustration level rising, I took a break or re-read the section. It helped me
stay on track” (EDGO07). Others emphasized that repeated emotional
feedback helped them identify patterns across sessions. As EDG02 noted,
“I could see that my motivation usually dropped in the middle of long read-
ings. So, I started breaking them into smaller chunks, and that made it easier
to stay focused.” Together, these accounts show how emotion-linked
feedback helped learners become more aware of their affective pat-
terns and use that awareness to regulate effort, attention, and study
pacing. In this respect, the EALAD supported timely monitoring and
strategic control, consistent with Winne and Hadwin’s [18] and Zim-
merman’s [26] accounts of SRL in autonomous learning contexts.

Theme 2. Holistic Understanding of Learning Progress (EDG)

A second theme concerned the integrated display of emotional ana-
lytics and clickstream indicators. EDG participants described this com-
bination as offering a more “complete picture” of learning because it
showed whether progress reflected focused engagement or surface-level
completion. Progress metrics such as time on task and completion per-
centage remained useful, but emotional indicators gave learners addi-
tional context for deciding what to do next. As one participant stated, “It
showed not just my activity, but my mindset while learning” (EDG15). This
combination helped learners interpret progress as a matter of learning
quality rather than completion alone. Learners reported that emotional
analytics made clickstream indicators more meaningful because they
could connect visible activity with concentration, readiness, and
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engagement quality. In this way, the EALAD helped learners decide
whether continued progress reflected focused study or whether they
needed to slow down, revisit content, or adjust their approach.
Emotional analytics therefore helped learners interpret clickstream in-
dicators as meaningful signs of learning quality and readiness, rather
than as simple records of progress [17,73]. These accounts also align
with Zimmerman’s [26] view that monitoring becomes valuable when it
informs control and strategy enactment.

Theme 3. Utility of Behavioral Metrics for Pacing (SDG)

SDG participants generally valued the clarity of the clickstream-
based dashboard. Metrics such as percentage completed, modules
accessed, and time spent gave learners concrete cues for planning,
pacing, and managing short-term goals. One learner reported that the
dashboard helped them “keep track of how far I'd gone and how much was
left’ (SDG11), and added that “It made me want to keep going so I could
reach the next milestone” (SDG11). For many learners, these visible
progress markers created a sense of external accountability and helped
them re-establish momentum after interruptions. This pattern is
consistent with SRL accounts of goal setting and progress monitoring
[25,26], as well as dashboard research emphasizing the role of visible
feedback in learner sense-making [17,73]. Thus, the SDG mainly
supported learners by making task completion, pacing, and
short-term progress more visible.

Theme 4. Absence of Emotional Indicators as a Gap (SDG)

Although SDG participants appreciated the progress indicators,
many felt that the lack of emotional analytics left an important gap. The
dashboard helped them maintain momentum, but it did not show
whether their attention, motivation, or emotional state was supporting
effective learning. Participants distinguished visible activity from
meaningful engagement. As SDG04 observed, “The numbers show if I'm
active, but not if I'm in the right mindset.” This concern reflected a broader
recognition that learners can remain active in a course while confusion,
fatigue, or disengagement gradually reduces learning quality. Several
participants suggested that affective feedback might have helped them
notice early signs of burnout or loss of focus, especially during difficult
or less engaging modules. Overall, the SDG supported pacing and
persistence, but it provided fewer interpretive cues for diagnosing
engagement quality, a limitation also noted in dashboard research that
relies heavily on descriptive behavioral data [6].

Theme 5. Reliance on Self-Monitoring Strategies (CG)

In the CG, participants had to rely on their own monitoring routines
because no dashboard support was available. Learners described using
digital calendars, timers, handwritten notes, and checklists, but the
effectiveness of these strategies depended largely on their existing self-
regulation skills. One participant explained, “I used sticky notes and my
own schedule to keep going” (CGO08). For this learner, the notes served
both as reminders and as a way to sustain commitment in an open-ended
learning environment. The same participant added, “Every time I finished
a section, I crossed it off” (CG08), showing how a simple checklist became
a personal progress indicator. These self-created routines helped some
learners impose structure on the MOOC, but they depended heavily on
learners’ own consistency and monitoring habits. Some reported that
self-tracking became irregular, especially near deadlines, and that the
lack of structured feedback made it easier for disengagement to go un-
noticed. These accounts suggest that, without dashboard feedback,
learners depended heavily on subjective judgments of progress and
engagement, which were not always reliable.

Theme 6. Difficulty Recognizing Cognitive Fatigue (CG)

A final theme in the CG concerned difficulty recognizing cognitive
fatigue before it affected learning. Without dashboard feedback, several
participants noticed loss of focus only after comprehension or course
progress had already declined. One learner explained, “I didn’t realize I
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was losing focus until I was way behind. By then, it was harder to catch up”
(CG17). Other participants described continuing to read while
comprehension and retention weakened. One learner stated, “Sometimes
I kept reading, but nothing was really staying in my head. I only noticed when
I tried to answer the questions and I couldn’t remember the main ideas”
(CG12). Similarly, CGO5 explained, “I thought I was doing enough because
I was spending time on it, but later I realized I was just going through the
motions and my attention was gone.” These reflections show that time
spent was sometimes mistaken for meaningful study when no external
cue helped distinguish sustained attention from routine completion.
Several participants suggested that even limited behavioral or affective
feedback might have helped them notice fatigue earlier and take
corrective action.

5. Discussion

The findings reveal a consistent pattern in the self-paced MOOC
context. The EALAD was associated with substantial improvements in
behavioral, cognitive, and emotional engagement, metacognitive regu-
lation, and academic performance. The EDG showed the strongest gains
across all outcomes and outperformed both the SDG and CG. This
pattern suggests that dashboards become more instructionally powerful
when they move beyond descriptive progress reporting and integrate
emotion awareness with adaptive, regulation-oriented feedback. The
results are consistent with prior evidence showing that emotion-aware
and adaptive dashboards can support deeper engagement and stronger
learning outcomes by responding to learners’ behavioral traces and af-
fective experiences during learning [19,96,61,21,20].

The EALAD’s advantage can be understood through four connected
mechanisms. First, it made learners’ achievement emotions, such as
confusion, frustration, boredom, and engagement, more visible before
disengagement became difficult to reverse [58,97]. Second, it placed
these affective indicators alongside behavioral traces, including time on
task, backtracking, rapid skipping, and repeated attempts, helping
learners judge whether activity reflected productive engagement or only
surface persistence [98,99]. Third, it translated these cues into timely,
strategy-oriented prompts, which reduced the burden learners often face
when dashboards show data without clarifying what to do next. This
interpretation aligns with Jivet et al. [17], who emphasized the role of
dashboards in supporting sense-making and decision making, and with
Giorgashvili et al. [100], who highlighted the importance of feedback
specificity and personal relevance. Fourth, the EALAD supported a
regulation loop by repeatedly guiding learners through monitoring,
interpretation, and control, which are central processes in SRL models
[25,18,26].

These mechanisms help explain the strong gains in metacognitive
regulation. SRL models suggest that regulation improves when learners
can identify mismatches between goals and progress, interpret the
source of difficulty, and select strategies that restore productive learning
[25,18,26]. In the EDG, emotionally contextualized feedback likely
supported this cycle by making affective disruption visible and linking it
to behavioral evidence of struggle, such as unproductive persistence or
inefficient navigation [58,97]. The prompts then helped learners move
from awareness to action by recommending concrete responses,
including strategic rereading, use of embedded resources, restorative
breaks, or effort reallocation. In a self-paced MOOC with limited teacher
mediation, this shorter distance between noticing a problem and acting
on it appears to be a meaningful advantage [100,17].

Control-value theory (CVT) provides a strong theoretical explanation
for why the EALAD produced stronger benefits than the standard
dashboard. Pekrun [7] argued that achievement emotions are shaped by
learners’ appraisals of control and value, and these emotions influence
attention, engagement quality, strategy use, and performance [8]. In
self-paced MOOCs, perceived control may weaken when tasks accumu-
late, comprehension breaks down, or time pressure increases. Perceived
value may also decline when activities feel repetitive or disconnected
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from learners’ goals. The EALAD likely supported control appraisals by
helping learners connect negative affect to specific and changeable task
conditions, such as difficulty spikes or ineffective navigation patterns,
rather than interpreting these experiences as fixed ability limitations. At
the same time, it may have protected perceived value by limiting pro-
longed boredom and frustration, which can reduce willingness to invest
effort in later modules [7,8].

The engagement findings reinforce this interpretation. The EALAD
was linked to gains across behavioral, cognitive, and emotional
engagement, suggesting that emotion-aware feedback supported both
pacing and deeper processing. This result is consistent with Han et al.
[61], who found that adaptive dashboard feedback can improve
participation, process quality, and learning outcomes. It also comple-
ments Fleur et al.’s [74] evidence that feedback-based dashboard de-
signs, including those using social comparison, can strengthen
motivation and academic achievement. More broadly, the present
findings support the view that dashboards are more likely to sustain
engagement when they provide integrated and contextualized feedback
rather than progress metrics alone [98,99].

The contrast between the EDG and SDG clarifies the added value of
emotion-aware feedback. Toyokawa et al. [75] showed that visualizing
learning behaviors can improve study habits, which helps explain why
the SDG improved relative to the CG. However, the EALAD added a
distinct layer by representing the emotional quality of engagement and
connecting that information to timely prompts. This interpretation is
supported by the large adjusted effect for emotional engagement and is
consistent with Zheng et al.’s [101] evidence that emotions are mean-
ingfully related to SRL processes. In practical terms, the SDG helped
learners monitor how much and how fast they were progressing, while
the EDG also helped learners recognize how well they were studying
when visible activity coincided with disengagement, confusion, or
frustration. This distinction helps explain why SDG benefits were
meaningful but more limited, while EDG benefits extended more
strongly across engagement, regulation, and achievement.

The qualitative evidence further explains how learners used dash-
board information. The SDG produced reliable gains over the CG, which
supports Baker et al.’s [102] view that clickstream indicators can make
study behavior more visible and manageable. Yet SDG support was
mainly descriptive. It helped learners set milestones, monitor comple-
tion, manage time, and reduce procrastination, but it offered limited
guidance for judging whether engagement was cognitively or emotion-
ally productive. This pattern fits SRL accounts in which progress infor-
mation supports planning and monitoring when learners have the
interpretive resources needed to translate data into action [25,26]. It
also supports calls for dashboards that move beyond activity tracking
toward more holistic representations of learning processes [17].

By comparison, CG participants depended on unassisted self-
monitoring routines, and the effectiveness of those routines varied
widely. Without dashboard feedback, learners had to infer whether
difficulty reflected low effort, ineffective strategy use, cognitive over-
load, or motivational decline, and then decide how to respond. Prior
research suggests that this movement from sense-making to action is
often a bottleneck in dashboard effectiveness, and that learners benefit
when feedback is personalized and explicitly supports study decisions
[100,17]. From this perspective, the SDG mainly supported regulation of
study quantity and pace, while the EDG supported regulation of study
quality, especially when negative affect made productive control more
difficult. This finding reinforces Molin et al.’s [103] argument that
external feedback can scaffold metacognitive development in self-paced
contexts where motivational challenges are common.

Overall, the study’s central contribution is that EALADs appear most
effective when designed as regulation-oriented systems rather than
passive visual displays. By integrating affective indicators, behavioral
traces, and strategy-oriented prompts, the EALAD helped learners move
from awareness to interpretation and from interpretation to action. This
integrated support offers a promising direction for MOOC dashboard
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design, particularly in autonomous online learning environments where
sustained engagement, metacognitive regulation, and timely strategy
adjustment are essential for academic success.

6. Conclusions and implications

The results show that LADs, especially those providing real-time
emotional feedback, can offer meaningful support for learners’ meta-
cognitive regulation, multidimensional engagement, and academic
performance in a self-paced MOOC. Quantitatively, the EDG showed a
consistent advantage over both the SDG and CG, with a large multi-
variate Group effect based on Pillai’s Trace (V = 0.884, p < .001, partial
n? = 0.442) and significant follow-up effects across all outcomes, with
large adjusted effect sizes (partial n? = 0.408 to 0.596). The qualitative
findings supported this pattern by showing that EDG participants used
emotion-linked cues and behavioral traces to recognize difficulty earlier
and adjust pacing and strategy use more deliberately. In contrast, SDG
participants relied mainly on descriptive progress indicators, while CG
participants depended on self-monitoring routines that varied in con-
sistency and effectiveness. Overall, these findings suggest that emotion-
aware feedback can reduce the distance between monitoring and control
by making affective states interpretable and by helping learners decide
what to do next. This interpretation aligns with SRL accounts of moni-
toring, interpretation, and strategic action during learning [25,18,26],
as well as Jivet et al.’s [17] view that dashboards are most valuable
when they support sense-making and decision making rather than
progress checking alone.

The study also contributes to theory by clarifying why emotion-
aware learning analytics may strengthen self-regulation and engage-
ment in autonomous online learning. From an SRL perspective, dash-
boards that make learners’ internal states more visible can sharpen
metacognitive monitoring and support more timely metacognitive
control, especially when learners must decide whether to persist, revise
a strategy, or recalibrate effort [25,18,26]. Pekrun [7,46] explains that
achievement emotions emerge from appraisals of control and value and
then shape attention, effort, strategy use, and persistence [8]. In
self-paced MOOCs, where instructor mediation is limited and learners’
control and value appraisals may shift quickly, the combination of
visible affective states and timely prompts appears especially useful. The
findings therefore support an integrated mechanism in which
affect-aware feedback increases the interpretability of learners’
moment-to-moment learning states, strengthens regulation processes,
sustains engagement quality, and supports performance in self-paced
MOOC learning [7,25].

For MOOC designers and instructors, the findings support dash-
boards that go beyond descriptive progress displays. Effective EALADs
should integrate affective indicators with behavioral traces and translate
these combined signals into brief, actionable guidance that learners can
use at the point of need [9,10,4]. This support is likely to be most helpful
at moments that commonly disrupt self-paced study, such as repeated
errors on comprehension checks, prolonged inactivity, rapid guessing,
or recurring confusion. At these points, prompts should recommend
feasible, low-burden actions, such as slowing down, revisiting prereq-
uisite content, studying in shorter segments, using retrieval practice, or
taking a short restorative break. As Susnjak et al. [4] emphasized,
dashboard feedback becomes more instructionally meaningful when it
helps learners move from information to concrete regulation.

The findings also have implications for dashboard usability and
ethical implementation. A layered interface may reduce cognitive load
by showing learners a simple emotional snapshot first, with the option to
view a brief explanation that links emotional shifts to recent learning
behaviors and study patterns [10]. Customizable settings, such as noti-
fication frequency and prompt type, may also help learners experience
the system as supportive rather than intrusive. Because affective feed-
back can be misinterpreted if learners treat temporary emotions as ev-
idence of stable ability, EALAD implementation should include a short
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onboarding component. Such onboarding can explain how to interpret
affective signals, normalize emotional fluctuation during learning, and
frame the dashboard as a tool for planning, monitoring, and post-task
reflection rather than self-evaluation alone [9].

At the course level, instructors can use routine reflective check-ins to
help learners connect emotional trends with strategy choices and set
realistic goals for the next unit. Aggregated and privacy-protected data
may also inform course improvement by identifying content segments
that repeatedly lead to confusion or boredom, allowing instructors to
add examples, create clarifying micro-videos, or re-sequence difficult
material. Given the sensitivity of emotional data, practical adoption
should be guided by transparent communication about what data are
collected, why they are collected, how they are stored, and how learners
can opt out. Such transparency is essential for responsible use and
learner trust [77]. In the Iranian EFL MOOC context, these recommen-
dations are particularly relevant because learners may face strong
self-regulation demands and affective barriers such as anxiety, frustra-
tion, and fluctuating motivation. In such settings, emotion-aware
dashboards can help sustain engagement, interrupt disengagement cy-
cles, and support more deliberate SRL routines without adding sub-
stantial burden to instructors [78].

6.1. Limitations and future research

Several limitations should be considered when interpreting the
findings. First, key outcomes, especially engagement and metacognitive
regulation, were assessed mainly through self-report instruments. As
Podsakoff et al. [104] noted, reliance on a single method can increase
the risk of shared method variance, and self-reports may be influenced
by response bias or socially desirable responding. Second, although
participants were recruited from three Iranian universities, the sample
remained limited to one national context, one MOOC domain, and one
proficiency band. The findings are therefore most directly applicable to
learners with similar linguistic and institutional profiles, and broader
transferability should be examined across other proficiency levels,
course types, and learning cultures [83]. Third, the emotion-aware
component relied on real-time facial-expression analytics, which may
be affected by recording conditions, individual differences in expres-
sivity, and the imperfect match between observable facial cues and
internally experienced emotions [62]. Fourth, the intervention did not
include delayed follow-up measures, so the durability of the gains
cannot be established. Finally, the feedback system used a standardized
set of rules and prompts. While this supported reproducibility, it may not
have fully captured individual differences in regulation needs, and it
limits the extent to which the findings can separate the effects of affect
visibility, prompting, and their combined operation. This distinction is
important because Jivet et al. [17] emphasized that dashboard effects
depend on how learners move from awareness to strategic action.

Future research should address these limitations in several ways.
Studies should triangulate self-report data with behavioral traces, pro-
cess measures, and brief in-situ checks of emotional experience to
strengthen construct validity and reduce single-source bias. Replication
studies should also include wider proficiency bands, additional age
groups, more diverse institutional settings, and learners with different
levels of online-learning experience and SRL profiles. Longer-term de-
signs with delayed posttests are needed to determine whether EALADs
support durable self-regulatory routines or mainly produce short-term
intervention effects. Mechanism-focused research should test the pro-
posed pathway more directly by examining whether dashboard feed-
back changes learners’ appraisals of control and value and whether
these changes predict engagement quality, strategy use, and achieve-
ment, as suggested by control-value theory and SRL models [7,46,25,18,
26]. Future component experiments should also compare affect visibility
alone, prompting alone, and integrated affect-plus-prompt conditions to
identify which dashboard features are necessary for meaningful change.
Finally, researchers should examine learners’ understanding,
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acceptance, trust, and perceived intrusiveness of affect-aware analytics
in the Iranian EFL context, since these factors are likely to shape dash-
board uptake and the educational value learners derive from
emotion-aware feedback.
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