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Introduction

What predicts student learning success? Higher education generally uses
post-hoc evaluations (e.g. midterm and final exams) as proxies for
academic attainment, precluding effective and timely intervention. How
can instructors and students integrate real-time evaluations and
predictive evidence of learning to address student learning gaps before
it’s too late? Our framework aims to draw from the relationships
between subjective, objective, EEG, and video data collected during
class to predict and quantify learning as it occurs.

Data Collection & Analysis Structure

WHAT WE DID & WHAT WE ARE DONG]

Post-Class Subjective Assesment of Learning
Associate subjective ratings of learning and
engagement with accuracy of group responses
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In-Class Accuracy of Responses to Polls
Associate objective measures of learning
with neural markers of engagement.
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In-Class A/V Recordings
Characterize effects of student motion
on EEG data and examine engagement
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In-Class EEG Data Recording
Associated EEG Markers with subjective
ratings of learning and accuracy of responses

Self-assessment as a learning predictor:
- The ARCS motivation theory posits that attention is the most
proximal factor to knowledge acquisition and academic success.
- Ross (2006) found that subjective self-assessments contribute to
higher student achievement.
- Sitzmann et al. (2017) found that self-assessments were correlated
with motivation and satisfaction.

e Eleven university students enrolled in a neuroscience course (Summer 2022) were evaluated over four weeks

® Subjective self-assessments were administered at the end of each class using the Student Evaluation of Educational Quality
(SEEQ), which queries engagement, perceived clarity of instruction, confidence, skill acquisition, among other factors

e To measure objective learning, students completed frequent quizzes throughout class assessing content understanding and

retention
e We ran a linear model to see if subjective self-assessment correlated to objective learning measures

Class duration: 110 minutes
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Subjective ratings of confidence, understanding of material, and active study habits were positively correlated with objective
learning outcomes. Course engagement, evaluation of skill, and clarity of instruction were uncorrelated.

Confidence
1. Presently, I am confident that I understand the foundations of neuroscience.
2. Presently, I am confident that I can be successful in this course.
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Discussion & Next Steps

® Because students from historically underrepresented groups often
underestimate their own proficiency, it is crucial for instructors to
identify and address discrepancies among students’ confidence and other
subjective measures to support objective learning outcomes.

o Earlier findings from prior years indicated that learning can be
uncorrelated with self-ratings of mastery and confidence. More data and
larger samples are needed to explore this disconnect.

® Brain signals associated with attentional focus correlate strongly with
subjective reports of learning. Clarifying this relationship informs
educators of what to look for: as we deepen our analysis, we can
identify which self-reports most strongly predict increased neural
activity and increased objective performance.
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Frequency bands from one subject recorded using EEG headset.
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