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Abstract

Student engagement during learning serves as a critical predictor of academic suc-
cess and plays a pivotal role in nurturing interest and readiness for future careers. As
digital platforms become increasingly important to learning, it is essential that we
understand how the interactions that students have with them reflects their engage-
ment with learning. Previous research has often modeled engagement in a fully online
context, where students pursue lessons independently and outside the influence

of the classroom, paced and structured by digital systems. However, in STEM (Science,
Technology, Engineering, and Math) subjects—and many others—Ilearning more
frequently happens in a physical classroom setting, under the guidance of a teacher,
and involves interactions with other students and tangible objects. Here digital
materials are used to scaffold and support learning but are not typically the focus

of where learning happens. To study how student interactions with digital materi-

als in these settings might allow us to measure, evaluate and help teachers enhance
engagement, we have developed and deployed a smart digital learning platform
that guides instruction and captures real-time multimodal student learning events

in the physical STEM classroom. Previously we have shown that a subset of student
interactions measured with this platform can be used to model student learning

and generate human-like insights into engagement. Here we report on the signifi-
cant influence that teachers have on student interactions with our smart platform

in the STEM classroom, and the impact that this has on evaluating their engage-
ment with learning. In an analysis of 108 high school students that used the platform
to complete a 19-lesson data science curriculum in 5 different classrooms, we found
significant differences between teachers both in the measured time students spent
on the lesson and the percentage of the lesson they completed. In this setting, taking
teacher influence into account improves the outcomes of our machine learning clus-
tering models that group students based on their level of engagement. These findings
inform how we develop smart classroom technology and machine learning applica-
tions that are globally informed but locally relevant, and support teachers to enhance
student engagement and learning outcomes in dynamic and highly variable STEM
classroom learning environments.
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Introduction

The landscape of K-12 education, particularly in Science, Technology, Engineering, and
Mathematics (STEM), has been drastically altered in recent years. Globally, the COVID-
19 pandemic accelerated digital transformation in schools, while simultaneously exac-
erbating educational challenges, including widespread learning loss (NAEP, 2022), a
shortage of qualified STEM educators (Darner & Boesdorfer, 2022), and increased dis-
parities in access to high-quality instructional resources (Raugust & Berkman, 2022). In
response, school systems made significant investments in educational technologies, cre-
ating opportunities to rethink and enhance the delivery of STEM education, especially
through technology-supported, hands-on learning that enhances classroom content
with digital materials (Raugust & Berkman, 2022).

Alongside this surge in technological integration, there has been increased inter-
est in predicting and adapting to real-time student engagement in STEM instruction.
Student engagement has long been recognized as a key predictor of academic success
and long-term achievement (Fredericks et al., 2004; Sinatra et al., 2015; Lei et al., 2018)
and has been shown to be a multidimensional construct encompassing behavioral, cog-
nitive, emotional and agentic components (Reeve, 2013; Reschly & Christenson, 2022;
Sinatra et al., 2015). These different expressions of engagement reflect different aspects
of a student’s relationships to learning and are manifested in different ways. Behavioral
engagement reflects positive conduct and involvement in academic tasks, such as time-
on-task or task completion. Cognitive engagement represents the investment in learning
through effort to understand, use of flexible problem-solving techniques, and choice of
challenging tasks. It can be manifested by the length or complexity of responses and the
number and types of learning supports accessed. Emotional engagement explores the
student’s investment in the academic subject area and can be measured by self-reported
interest and preparedness for lessons. Finally, agentic engagement describes whether a
student seeks to enrich, personalize or request related learning experiences. It can mani-
fest itself through collaboration and choice of tasks.

Particularly in STEM education, engaging students through relevant, inquiry-driven
learning has been shown to foster deeper interest and better outcomes (Means et al.,
2021). However, the dynamic, collaborative, and tech-intensive nature of modern STEM
classrooms presents challenges in measuring and supporting student engagement, espe-
cially in ways that are practical and actionable for educators. Capturing these dimen-
sions in real time, in active classroom environments, remains difficult. Traditional
methods such as teacher observation are often inconsistent and unsustainable, especially
for novice educators (Harris & Sass, 2011; King Rice, 2010).

At the same time, emerging technologies, including Al, machine learning (ML), and
big data analytics, have introduced promising alternatives. Emotional engagement has
been measured by applying computer vision to analyze facial expressions, mouse move-
ment, and heart rate on students completing online activities (Monkaresi et al., 2017;
Pantic & Rothkrantz, 2015). More recently, others used a combination of facial recog-
nition, mouse movements, and clicks to model student emotional engagement while
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completing an online course (Altuwairqi et al., 2021). These video methods show prom-
ise, with some models achieving up to 95% accuracy in emotional recognition (Salloum
et al,, 2025). While well suited for adult online learners who consent to facial expression
and mouse movement tracking to improve their engagement over time, in a K-12 set-
ting, it is unlikely that they can be implemented at scale, as they bring ethical concerns
and a high cost of implementation for resource-stretched school districts (Cetintas et al.,
2010).

Others have explored the promise of log data, which are detailed information about
students’ interactions with digital learning systems that are captured during learn-
ing (Cocea & Weibelzahl, 2009). Critically, log data do not include direct visual or biom-
etric student data and therefore are non-invasive of students’ privacy and don’t require
any additional equipment to deploy in a K-12 context. Multiple methods of analysis of
log data show promise in tracking student engagement, with research focused on detect-
ing student disengagement with intelligent tutoring systems (Cetintas et al., 2010) and
e-Learning systems (Cocea & Weibelzahl, 2009). We and others have found evidence
that clustering analysis can be completed on log data, effectively grouping students into
patterns of engagement (Liu, 2022; Shreeve et al., 2025). As log systems track how stu-
dents interact with learning material, they represent readily available and non-invasive
information on the behavioral aspect of engagement.

A limitation of research into log data techniques is that most has been predominantly
conducted in fully online learning environments, where students interact with digital
materials independently, in isolation from classroom influences. In such settings, models
only consider individual learner characteristics, like prior knowledge or attention span,
and don’t account for external, systemic factors that can influence behavior.

Not all digitally-supported learning occurs online and in isolation. Smart classrooms—
technology-enhanced physical spaces where teachers and peers are co-present—repre-
sent a growing paradigm that blends the benefits of digital tools with the instructional
and social value of in-person learning (Saini & Goel, 2019). In these environments, stu-
dent engagement is not shaped solely by personal characteristics or system design, but
also by teacher behaviors, classroom culture, and peer interactions (Love et al., 2023).
While this dynamic is well known, there has been little accounting for the impact of the
classroom dynamics in machine learning model development predicting engagement.
Existing engagement models in smart classrooms typically overlook teacher effects, spe-
cifically how instructional pacing, task emphasis, and pedagogical flexibility shape stu-
dent interactions with digital tools. Not accounting for differences in these in-person
contexts limits the relevance of current engagement models in more complex, real-
world learning environments. As such, there is a need to develop models of engagement
for smart classrooms, where teacher influence is both pervasive and often unaccounted
for in existing models.

To support and model student engagement in smart classrooms, we have developed
Scoutlier, a smart digital learning platform that scaffolds instruction and captures real-
time multimodal student interaction data during classroom-based STEM learning
(Shreeve et al., 2025). Over the preceding 3 years, we have used Scoutlier to deliver an
experimental data science curriculum in a range of classroom settings, ultimately col-

lecting a research grade, de-identified dataset of interaction data from 108 high school
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students across five classrooms (Larson et al., submitted; Jessen Eller, 2025; Jessen Eller
et al,, 2024). In this study, we explicitly focus on behavioral engagement, specifically task
completion and time-on-task, as measurable, non-intrusive indicators of active partici-
pation. These aspects of engagement are particularly suited to K-12 classrooms, allowing
for practical, ethically sound analysis of student interactions.

Analyzing this case study of high school students interacting with Scoutlier, we sought
to understand how the live classroom affects students’ engagement with online material,
with a focus on traceable behavioral engagement, and to use those insights to build better
machine learning models of engagement. Building on our prior work showing that stu-
dent interactions with Scoutlier can serve as proxies for engagement during classroom
STEM instruction (Shreeve et al., 2025), we now demonstrate that the teacher has a sig-
nificant impact on how students interact with digital learning platforms in smart class-
rooms. Importantly, taking this “teacher effect” into consideration improves machine
learning clustering models grouping students by engagement and results in more mean-
ingful cluster interpretations. These findings underscore the differences in modeling stu-
dent engagement and behavior in smart classrooms and demonstrate the importance of
models that reflect the full complexity of in-person learning environments. The results
suggest that the effect of the teacher on student engagement is a critical dimension that
must be incorporated into the design of intelligent classroom technologies, learning ana-
lytics, and machine learning models.

The paper is structured as follows: Methods are detailed first, describing data collec-
tion, analysis, and clustering approaches. Results present quantitative and qualitative
findings highlighting teacher effects on engagement. The Discussion interprets these
findings, providing theoretical and practical insights. Limitations and future research
suggestions follow, concluding with implications for practice.

Methods

Research design

This study follows a mixed-methods design integrating quantitative data collected from
the Scoutlier platform and qualitative interviews conducted with teachers at the end of
each semester. Quantitative data were collected from 108 high school students across
five schools and three semesters from January 2023 to June 2024 (Shreeve et al., 2025).
Classes participated in a 19-lesson Data Science, Al and You (DSAIY) in Healthcare cur-
riculum delivered with support from Scoutlier (Larson et al., submitted; Jessen Eller,
2025; Jessen Eller et al., 2024). Teachers had full access to the course and led their stu-
dents through the online curriculum over the course of a single school semester. Stu-
dents progressed through the lessons with an individual learning profile and completed
course material on desktops, laptops, or chromebooks with the supplementary aid and
instruction of their teacher.

Semi-structured interviews were conducted with each of the teachers after the com-
pletion of the program. Interviews were approximately 45 min in length and focused
on the teacher experience facilitating the data science course and interacting with the
Scoutlier platform. Interviews were transcribed and coded for analysis. For analyses,
the project team developed a preliminary codebook of predetermined codes, then two
researchers coded each interview (Saladana, 2015). Quantitative and qualitative analysis
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were combined using parallel mixed model, where qualitative and quantitative data are
collected within the same time frame and analyzed independently (Tashakkori & Ted-
dlie, 1998).

Scoutlier curriculum

All students participated in DSAIY in Healthcare curriculum in Scoutlier, a web-based
application for designing and delivering STEM lessons. Built around principles of acces-
sible, data-informed instruction (Sana MIT, n.d.), Universal Design for Learning (Hall
et al., 2004; Meyer et al., 2014), and the “positive deviance” concept (Gupta et al., 2022;
Ruggeri & Folke, 2022), it supports creation of interactive STEM activities, delivery of
lessons within or independent of learning management systems, and multi-modal stu-
dent data collection (e.g., text, data, photo, audio, etc.) (Shreeve et al., 2025). The appli-
cation was created to increase engagement and improve learning outcomes in STEM
classrooms, with a teacher present to instruct and facilitate learning as students com-
plete each lesson (Larson et al., submitted; Jessen Eller, 2025; Jessen Eller et al., 2024).
Scoutlier records engagement metrics like time spent on task using timestamps and
algorithms to calculate differences between begin and end of task and metrics like com-
pletion and student interaction by tracking when a student completes tasks or interacts
with other students.

DSALIY lessons were divided into 4 units that introduce students to bias and machine
learning in healthcare (Unit 1), review core K-12 data science concepts, like data collec-
tion, organization, visualization and analysis (Unit 2), introduce machine learning tools
like Python and Jupyter notebooks so students can build their own algorithms (Unit 3),
and synthesize and apply their learning via a summative project (Unit 4) and hands-
on workforce experience datathon. Lessons were broken down into tasks and steps
that asked students to participate in an activity and then respond through a paragraph,
checkbox, screenshot, audio, or video responses on the online platform. Students were
asked to do tasks such as code in Google Colab then write a paragraph about their learn-
ing on Scoutlier. All of the response types supported multimodal student learning and
provided the teacher with multiple ways to assess understanding.

Participants

Five teachers were purposely selected from participants recruited to our NSF-funded
project, ensuring representation of diverse instructional settings, student demograph-
ics, and pedagogical practices to maximize variability and explore broad engagement
dynamics. Dean, Darren, and Lena taught two semesters each, while Heather and Paige
taught a single semester. For purposes of analysis, students were combined within
teachers who taught more than one semester. This resulted in a final sample size of 108
students spread across five teachers. All student participants were in high school and
ranged from 15 to 19 years old. Schools represented a range of populations of students
from Rhode Island. Two schools were in urban communities, two in suburban commu-
nities, and two in the suburban/urban ring. Five schools were public and one private.
Students came from both extensive computer science backgrounds and limited cod-
ing experience, and schools had varying teaching philosophies from traditional public
schools to exploratory learning and assessment policies.
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Dataset description

Scoutlier tracked 20 different types of student interactions while they progressed
through the course, including task completion, time on task, response length, response
content, and peer interactions. Lessons consisted of 10-20 unique tasks, and Scoutlier
recorded multiple engagement metrics for each task in real-time. Scoutlier also recorded
lesson-level summary data of total time spent on lesson and the total percentage of tasks
completed for each lesson. This resulted in a dataset of 108 rows and over 1500 columns
of engagement metrics, approximately 75 engagement metrics per lesson. Deidenti-
fied log data were analyzed according to the Institutional Review Board (IRB) approved

protocol.

Quantitative variables

Two main variables were extracted as dependent variables for use in this analysis. The
first was percentage of the lesson completed, which represents the percentage of the
online Scoutlier tasks a student completed within each lesson. The second was time
spent on the lesson, calculated as the difference in timestamp between a student open-
ing their Scoutlier assignment and closing the assignment for the day. We selected these
specific metrics due to their straightforward interpretation, practical feasibility in real
classroom settings, and their minimally invasive nature. They are understandable and
quantifiable metrics of behavioral engagement that summarize total engagement for
each student and are readily comparable across teachers. While the other metrics cap-
tured by Scoutlier representing emotional or cognitive engagement also show prom-
ise for comparison, they are outside the scope of the current analysis. The pair were
extracted for each of the 19 lessons, resulting in 38 dependent variables, two for each
lesson. The main independent variable for each lesson is the teacher teaching the class.

Statistical methods

The purpose of this analysis is to determine whether significant differences exist between
teachers in time spent on the lessons and the percentage of the lesson completed, then
carry these findings into machine learning model development. To determine whether
significant differences existed, we employed the The Kruskal-Wallis test, a non-para-
metric statistical test developed to compare the distributions of three or more independ-
ent samples. It tests the null hypothesis that the medians are equal across the groups and
an alternative hypothesis that at least one of the medians is different. As a non-paramet-
ric test, the Kruskal-Wallis test does not have normality and sample size assumptions.
Thus, it is appropriate to compare the differences of groups when the data is non-normal
and/or the sample sizes are small (Ostertagova et al., 2014). We used a cutoff of p <0.05
for statistical significance. As the purpose was to determine whether a difference existed
overall, less focus was given to which teachers differed from each other, and post-hoc
tests were not conducted.

Results from the Kruskal-Wallis test informed our machine learning cluster analy-
sis of student engagement based on time spent on the lesson and the percentage of the
lesson completed. Cluster analysis is a method of unsupervised learning used to create
meaningful groups of observations within a dataset. The purpose is to group unlabeled
data points into clusters of similar characteristics where observations in a cluster are
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more similar to each other than to other observations (Jain et al., 1999). Specifically, this
analysis employs k-means clustering (Lloyd, 1957; MacQueen, 1967), which creates clus-
ters that minimize the sum of the squared differences (error) between the cluster centers
and data points (Jain et al., 1999). It partitions the data into k distinct clusters that best
group the data. To identify the optimal number of clusters for our analysis, scree plots
illustrating within-cluster sum of squares (WCSS) were generated for all 19 lessons. The
optimal solution (k=4) was chosen as it represented a leveling off of the reduction of
cluster sum of squares in the WCSS curve consistently across all lessons. Representative
WCSS curves for Lesson 6 and Lesson 15 both depict an elbow point at four clusters,
demonstrating the appropriateness of a four-cluster solution, indicating this as the opti-
mal choice balancing explanatory power and simplicity (see Supplementary Figs. S1 and
S2).

Cluster centroids were then fed through a Large Language Model (LLM), GPT-4,
to translate the cluster centers into interpretable engagement profiles (Achiam et al.,
2023; Shreeve et al.,, 2025). We provided GPT-4 with a dataset of cluster centroids
(mean standardized completion and time-on-task values) and prompted the LLM with
a description of the dataset and to interpret the cluster characteristics with descriptive
labels characterizing engagement patterns and specific teaching interventions for each
cluster. Generated descriptions underwent expert validation by qualitative researchers
and curriculum specialists to ensure interpretive accuracy and alignment with educa-
tional theory. All statistical and machine learning analysis was conducted with Python
3.10.

Data preprocessing

Missing data

Due to the large and longitudinal nature of the dataset, data missingness was a concern.
Missing data largely resulted from students not attending every lesson. A missing data
analysis was conducted and found that over 10% of students were missing from class on
some days. In these cases, single imputation is not recommended, and multiple imputa-
tion is recommended only if missing cases are below 5% (Dettori et al., 2018). Therefore,
missing data were addressed through pairwise deletion of students from lessons they did
not attend. Students who missed a lesson were deleted from only that lesson and kept in
the analysis for lessons they were present.

Data standardization

Clustering requires an additional preprocessing step of data standardization. This pro-
cess adjusts scores by the mean and standard deviation of the variable resulting in data
that is on the same scale across variables and scores that represent standard deviations
from the mean (James et al,, 2021). Once scores are standardized, scores close to zero
represent participants who are close to the mean and scores far away from zero repre-
sent participants who are far away from the mean. We standardized scores using the

z-score formula:
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x: Student’s score, X: Mean, s: Standard deviation.

To assess the impact of the teacher on the clustering models, two clustering models
were fit with z-scores calculated in two ways: (1) standardization across the full dataset,
and (2) standardization within each classroom. In the first model, scores were stand-
ardized over the full dataset, calculated by subtracting the mean of all 108 students and
dividing by the standard deviation of all students. This resulted in students who were far
away from the mean of all students, across all classrooms, receiving higher standard-
ized scores, and those who were close to the mean of all students receiving standardized
scores close to zero.

In the second model, the data preparation was informed by differences in engagement
across classrooms. Instead of standardizing across the full dataset, students’ scores were
standardized within each classroom. These standardized scores were calculated by sub-
tracting the mean of the respective teacher’s class and dividing by the standard deviation
for that class. With this second normalization technique, students with high standard-
ized scores were now relatively highly engaged in their class and those with low stand-
ardized scores were relatively less engaged in their class. The purpose of this paper is to
justify that this second type of standardization within the classroom is more useful in
detecting patterns in student engagement in smart classrooms.

While z-score standardization is sensitive to outliers, an outlier analysis was per-
formed prior to clustering. Outliers were defined as datapoints+/—3 standard devia-
tions away from the mean. One outlier was found in Lesson 6 and removed from the
dataset. No transformations beyond z-score normalization were applied. Standardi-
zation was applied to the data only before clustering and was not applied prior to the
Kruskal-Wallis test.

Results

Sample size by lesson

Given the longitudinal nature of the study, varying numbers of students attended each
lesson. Table 1 displays the number of students who completed each lesson for each of
the 19 lessons in the course, by the teacher who taught them. Students missing from
a lesson are represented by a lower sample size for that lesson. Students per teacher
ranged from 9 to 39. Lena had the largest number of students combined across semes-
ters (n=40), followed by Dean (n=28), Paige (n=20), Darren (n=11), and Heather
(n=9). The total sample size for each lesson ranged from 63 to 101.

Classroom differences in lesson completion

To determine whether the teacher impacts behavioral engagement in the classroom, we
first examined the differences in lesson completion across all DSAIY lessons between
the five teachers. Figure 1 displays the differences in the average percentage of the les-
son completed between teachers across all 19 lessons in the course. Each line represents
the average percentage of the lesson students completed within that teacher. The figure
depicts large differences in the lines, representing large differences in the percentage of
lessons students completed depending on the teacher. There are substantial differences
in all lessons, though these differences are especially large in Lesson 10 through Lesson
15. Examining Lesson 11, Dean’s and Lena’s students completed only 51.0% and 55.0%
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Table 1 Number of students completing each lesson by teacher

Lesson Students completing lesson (n) Total n
Darren Dean Heather Paige Lena
Lesson 1 10 25 8 19 39 101
Lesson 2 11 28 NA 20 35 94
Lesson 3 10 27 9 19 36 101
Lesson 4 10 28 9 20 36 103
Lesson 5 1 28 9 20 33 101
Lesson 6 11 28 9 20 33 101
Lesson 7 10 26 9 20 36 101
Lesson 8 1 25 9 20 37 102
Lesson 9 11 24 9 20 29 93
Lesson 10 Il 24 9 19 16 79
Lesson 11 10 25 9 19 38 101
Lesson 12 10 10 9 8 32 69
Lesson 13 10 25 9 20 35 99
Lesson 14 11 25 9 20 34 99
Lesson 15 M 25 9 20 30 95
Lesson 16 10 18 9 20 32 89
Lesson 17 M NA 9 18 12 50
Lesson 18 10 22 9 20 18 79
Lesson 19 10 11 8 18 16 63

NA represents a lesson that a teacher skipped or otherwise did not have data

100
90 +
80 Teacher

—— Darren

—— Paige

—— Lena

70 A

60 - —— Dean

—— Heather

Class Average
Percent of Lesson Completed

50

40 1

30 4

T T T T T T T T T T T T T T T T T T T
L1 L2 L3 L4 L5 L6 L7 L8 L9 L10 L11 L12 L13 L14 L15 L16 L17 L18 L19

Lesson Number
Fig. 1 Differences in average percentage of each lesson completed between teachers. Note Error bars
represent the 95% Cl for the mean

of the lesson on average, while Paige’s students completed much more, averaging 95.0%.
When examining trends across the lessons, Paige’s and Heather’s students consistently
completed most of the lesson, while the other three classrooms completed much less of
the online material.

These differences are further confirmed through Kruskal-Wallis Tests comparing dif-
ferences in the median percentage of the lesson completed between the five teachers
for each lesson (Table 2). Significant differences were found in Lesson 2—Lesson 18 (see
Table 2 for p values), representing a significant difference in the median percentage of
the lesson completed for at least one of the teachers in each lesson. Lesson 1, within

Page 9 of 21
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Table 2 Kruskal-Wallis test comparing median percentage of each lesson completed between

teachers
Lesson Class median percentage of lesson complete H df p value
Darren Dean Heather Paige Lena

Lesson 1 100.00 100.00 100.00 100.00 100.00 8.73 4 068
Lesson 2 90.00 90.00 NA 100.00 90.00 20.78 3 <.001
Lesson 3 53.50 92.00 100.00 100.00 96.00 23.90 4 <.001
Lesson 4 88.00 90.00 77.00 100.00 77.00 30.39 4 <.001
Lesson 5 100.00 100.00 100.00 100.00 100.00 14.92 4 .005
Lesson 6 55.00 50.00 75.00 80.00 65.00 27.77 4 <.001
Lesson 7 86.50 84.50 78.00 85.00 75.50 22.58 4 <.001
Lesson 8 90.00 72.00 100.00 100.00 86.00 3944 4 <.001
Lesson 9 100.00 100.00 95.00 100.00 95.00 9.89 4 042
Lesson 10 90.00 77.50 95.00 100.00 87.50 26.04 4 <.001
Lesson 11 70.00 51.00 92.00 100.00 55.00 3932 4 <.001
Lesson 12 76.50 45.00 100.00 100.00 90.00 35.86 4 <.001
Lesson 13 66.00 73.00 93.00 100.00 86.00 4469 4 <.001
Lesson 14 72.00 77.00 94.00 100.00 77.00 32.29 4 <.001
Lesson 15 27.00 45.00 95.00 100.00 63.00 4748 4 <.001
Lesson 16 57.00 61.00 100.00 100.00 71.00 35.90 4 <.001
Lesson 17 77.00 NA 100.00 100.00 88.00 26.21 3 <.001
Lesson 18 84.00 92.00 84.00 100.00 92.00 9.86 4 043
Lesson 19 41.50 66.00 100.00 100.00 83.00 29.79 4 <.001

NA represents a lesson that a teacher skipped or otherwise did not have data. They were removed from the comparison for
that lesson, reflected in the df for that test

which a median of 100% of the lesson was completed across all classrooms, was the only
lesson that did not show a significant difference in percentage of the lesson completed.
Paige’s students completed 80—100% of the tasks for each lesson, while Dean’s students
consistently completed only 45-85% of the tasks. These results signify that, for all but
the first lesson, the teacher significantly impacted the percentage of the lesson students
in that classroom completed.

Differences in lesson completion evidences higher or lower behavioral engagement
depending on the teacher. Importantly, differences reflect students’ behaviors and do not
necessarily reflect emotional or cognitive aspects of engagement. These differences in
student behavior are likely influenced by intentional pedagogical adaptations by teachers
to match instructional content, pacing, and emphasis to their classroom contexts and
student needs.

Classroom differences in time spent on the lesson

We then compared a second construct of behavioral engagement across the five teach-
ers, time spent on the lesson. Figure 2 displays the differences in the time spent on the
lesson between the five teachers across all 19 lessons. Again, large differences were dis-
played between the lines, indicating large differences in the time spent on each lesson
depending on the teacher (Fig. 2). Overlapping with the percentage of lessons com-
pleted (Fig. 1), there are especially large differences in Lesson 12-Lesson 15. Lesson 15
shows one of the largest differences; Heather’s students spent 312 min on this lesson on
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Fig. 2 Differences in average time spent on each lesson between teachers. Note Error bars represent the 95%
Cl for the mean

Table 3 Kruskal-Wallis test comparing median time spent on the lesson between teachers

Lesson Median time spent on the lesson (mins) H df p value
Darren Dean Heather Paige Lena
Lesson 1 154.21 120.79 196.68 207.83 73.66 39.65 4 <.001
Lesson 2 95.00 111.03 NA 131.20 113.23 8.58 3 036
Lesson 3 73.95 128.66 136.80 164.50 103.27 1245 4 014
Lesson 4 11558 96.93 109.15 15047 90.66 12.57 4 014
Lesson 5 149.07 145.44 146.90 190.46 137.67 10.29 4 036
Lesson 6 160.13 175.04 250.28 31242 8943 51.74 4 <.001
Lesson 7 89.50 5591 9042 157.63 95.87 9.01 4 061
Lesson 8 152.03 117.30 184.85 22147 129.79 27.00 4 <.001
Lesson 9 31.00 48.75 82.30 125.01 65.38 24.76 4 <.001
Lesson 10 12635 11271 19947 257.38 99.40 2643 4 <001
Lesson 11 49.31 6143 154.25 221.08 116.58 2793 4 <.001
Lesson 12 62.06 60.78 167.08 63.20 135.16 2361 4 <.001
Lesson 13 123.79 127.35 229.03 212.62 131.77 34.04 4 <.001
Lesson 14 141.23 89.73 24992 163.89 12318 29.73 4 <.001
Lesson 15 82.05 118.88 26835 31248 81.15 4361 4 <001
Lesson 16 115.70 94.82 129.78 193.27 91.35 25.79 4 <.001
Lesson 17 37.38 NA 115.50 94.42 2536 2268 3 <.001
Lesson 18 101.05 105.35 37.80 125.84 100.28 10.20 4 037
Lesson 19 2849 73.75 11.09 203.89 60.53 34.17 4 <.001

NA represents a lesson that a teacher skipped or otherwise did not have data. They were removed from the comparison for
that lesson, reflected in the df for that test

average, while Darren’s students spent an average of only 82 min. As observed for the
percentage of lessons completed, Heather and Paige’s students typically spent more time
on each lesson than the other three teachers.

Kruskal-Wallis Tests comparing the median time spent on the lesson between the
teachers for each lesson confirmed the differences in time spent based on the teacher.
Significant differences were found in Lessons 1-6 and Lessons 8—19 (see Table 3 for p
valuess), representing a significant difference in the median time spent on the lesson
for at least one teacher. Lesson 7 was the only lesson that did not show a significant
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difference. The results indicate that students spent significantly more or less time on the
lesson material depending on the teacher teaching the course.

These results again reflect a difference in students’ behaviors depending on the teacher.
More time spent does not necessarily equate to higher quality engagement, but it does
evidence a difference in students’ interactions with the material based on the teaching
strategies of their teacher.

Qualitative evidence of teacher impact

Qualitative evidence obtained through semi-structured interviews suggested that the
observed differences between teachers was due to the teacher’s instructional strategy.
We examined this more closely for Heather and Darren, who are on opposite ends of the
distribution of time spent and percentage complete. Heather’s class completed more of
the lessons and spent more time on Scoutlier, while Darren’s class completed less of the
lessons and spent less time on the platform. In qualitative interviews, Heather describes
feeling that students should complete all parts of every lesson. For example, when her
students video recorded their answers, “most of the time [the students] didn’t want to
record themselves...when it came to the final project, I told them that they had to have
a video recording with themselves on video” Heather requires her students to follow the
lesson as written, even for lessons and tasks the students would possibly skip if on their
own. Her teaching philosophy is reflected in her students completing almost 100% of
every lesson.

Darren, on the other end of the spectrum, utilized more flexibility in the lesson. He
also brought up video recordings, but stated that, “a lot of students didn’t want to record
a video...and we made the decision to not record videos at a certain point, as a result of
that”. Being open to skipping certain steps in the lesson resulted in his students complet-
ing less of the lesson and spending less time on the lesson overall. Students who would
have been required to complete a video if in Heather’s class would be allowed to skip the
video if in Darren’s class. These insights support the notion that differences in student
interactions with digital learning platforms across classrooms represent not only indi-
vidual student variations but are significantly influenced by the teaching strategy of their
teacher. While qualitative examples focus on two teachers for illustrative purposes, simi-
lar variations in pedagogical strategy were consistently observed across all participating
teachers, underscoring broader instructional trends.

Cluster analysis of student engagement

Findings on the differences in engagement between classrooms were then carried into
machine learning model development. A k-means cluster analysis with two variables was
developed to identify groups of students based on the time they spent engaging with the
lesson and the percentage of the lesson they completed for each lesson. In this context,
clusters identify students who are highly engaged, defined as high time spent and large
percentage complete, from those who are less engaged, low time spent and low percent-
age complete. Cluster results are shown for two methods of data pre-preparation: (1)
standardizing scores across all students in the data, and (2) standardizing scores instead
within each classroom. We focus here on Lesson 6 and Lesson 15 as representative les-
sons, though similar patterns were found in all 19 lessons.
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Fig. 3 Lesson 6 cluster dispersion for all standardized versus teacher standardized methods Note Lines
represent cluster boundaries

Table 4 Lesson 6 cluster dispersion by teacher comparing all student standardized data versus
teacher standardized data

Teacher Standardization method Students per cluster n (%) Total

Cluster 0 Cluster 1 Cluster 2 Cluster 3

Darren All students 2(18.2) 7 (64.6) 2(18.1) 0(0.0) 11 (100.0)
Within teacher 1(9.1) 4 (36.4) 3(27.3) 3(273) 11 (100.0)
Dean All students 3(10.7) 21 (75.0) 2(7.1) 2(7.1) 28 (100.0)
Within teacher 5(17.9) 12 (42.9) 6(21.4) 5(17.9) 28(100.0)
Heather All students 2(7.4) 1001 6 (66.7) 0(0.0) 9(100.0)
Within teacher 1(11.1) 4(44.4) 1(011.1) 3(333) 9(100.0)
Paige All students 1(5.3) 0(0.0) 18 (94.7) 0(0.0) 19 (100.0)
Within teacher 3(15.0) 9 (45.0) 4(5.0) 4(5.0) 20 (100.0)
Lena All students 13(30.2) 9(26.5) 4(11.8) 8(23.5) 34 (100.0)
Within teacher 8(23.5) 8(23.5) 7 (20.6) 11(32.4) 34 (100.0)

Lesson 6

The first cluster analysis of Lesson 6 used a standard pre-processing method of stand-
ardizing scores over the full sample to determine whether clusters would be able to sepa-
rate students within the same class or pick up only on differences between teachers. The
graph in Fig. 3 (Left) displays the dispersion of teachers’ students across clusters when
data are standardized across the full sample. The black bounds represent the bounds of
each cluster, the stars represent cluster centers, and the colors indicate the teacher of the
student.

In this standard pre-processing, students of the same teacher are clumped together
in one cluster or another. The pattern is especially apparent in Dean (blue) and Paige
(green). The model has grouped 64.6% of Dean’s students in cluster 1 and has not
assigned any of his students to cluster 3 (Table 4). Almost all of Paige’s (green) students
are in cluster 2 (94.7%), and no students have been assigned to cluster 1 or cluster 3.
These clusters favor one teacher or another and result in a clustering model grouping
students based on apparent large differences in engagement predominantly driven by
the instructional approaches of the teachers, rather than identifying student differences
within each classroom.
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The second cluster analysis for Lesson 6 instead standardized students within each
teacher to determine if eliminating the between-teacher differences would allow the
model to better separate students within each class. Figure 3 (right) shows marked
improvement in the dispersion of each teacher’s students across the four clusters. Dean’s
(blue) students are now dispersed across all four clusters with 17.9%, 42.9%, 21.4% and
17.9% of students in each cluster, respectively (Table 4). The pattern holds for Paige
(green), with students now distributed across all four clusters with 15.0%, 45.0%, 5.0%,
and 5.0% in each cluster, respectively. This normalization method removed the large dif-
ferences between teachers and allowed the model to pick up student differences within
each classroom. These clusters now represent students who are high and low engagers in
their class and is evidence of a model that can distinguish students who have high and
low engagement relative to the other students in their class.

To translate the teacher-standardized clusters into interpretable teaching recommen-
dations, the cluster representations (centroids) were fed into an LLM (GPT-4) to create
interpretable labels and cluster characteristics of each cluster. The LLM characterized
the four clusters as “Struggling or Disengaged Learners’, represented by below-average
time spent and lesson completion, “Slow but Persistent Learners’, students who spend
more time on the lesson but do not complete the most, “Efficient and Engaged Learners’,
represented by moderate completion and moderate time investment, and “Distracted
or Unmotivated Learners’, represented by spending a moderate amount of time but not
completing much of the lesson (Table 5). Because the scores are standardized within
each teacher’s classroom, these represent students who fit the cluster characteristics, not
across the full dataset, but compared to the other students in their class. While cluster
interpretation always has a subjective element, the names and characteristics output by
GPT-4 were validated by domain experts.

Lesson 15

To confirm the results, the cluster analysis of percentage of the lesson completed and
time spent on the lesson was then repeated on Lesson 15. As before, the first model
standardized scores across the full dataset. With this standardization method, teach-
ers’ students are again grouped around one cluster or another (Fig. 4, Left). Heather’s
(orange) students were only assigned to two clusters, cluster 0 (44.4%) and cluster 2

Table 5 LLM cluster interpretations for Lesson 6

Cluster Cluster name Cluster description

Cluster 0 Struggling or disengaged learners Below-average time spent and lesson completion in
their classroom, indicating possible difficulty with the
material or lack of engagement

Cluster 1 Slow but persistent learners These students spend significantly more time on the
lesson but do not have the highest completion rates,
suggesting difficulty in processing content

Cluster 2 Efficient and engaged learners These students complete a large portion of the lesson
with a moderate time investment, suggesting they
grasp concepts quickly

Cluster 3 Distracted or unmotivated learners These students spend a moderate amount of time on
the lesson but do not complete much of it, which may
indicate distractions or lack of motivation
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Fig.4 Lesson 15 cluster dispersion for all standardize versus teacher standardized methods. Note Lines
represent cluster boundaries

Table 6 Lesson 15 cluster dispersion by teacher comparing all student normalized data versus
teacher normalized data

Teacher Standardization method Students per cluster n (%) Total

Cluster 0 Cluster 1 Cluster 2 Cluster 3

Darren All students 0(0.0) 0(0.0) 9(81.8) 2(182) 11 (100.0)
Within teacher 2(18.2) 109.1) 5(45.5) 3(273) 11 (100.0)
Dean All students 0(0.0) 3(12.0) 13(52.0) 9 (36.0) 25 (100.0)
Within teacher 9 (36.0) 5(20.0) 2(8.0) 9(36.0) 25 (100.0)
Heather All students 4 (44.4) 5(55.6) 0(0.0) 0(0.0) 9(100.0)
Within teacher 2(20.0) 3(30.0) 3(30.0) 1(10.0) 9(100.0)
Paige All students 11 (55.0) 7 (35.0) 1(5.0) 1(5.0) 20 (100.0)
Within teacher 6 (30.0) 5(25.0) 7 (35.0) 2(10.0) 20 (100.0)
Lena All students 2(6.7) 7(233) 11 (36.7) 10(33.3) 30 (100.0)
Within teacher 9(30.0) 10 (33.3) 1(33) 10 (33.3) 52 (100.0)

(55.6%), and no students were assigned to cluster 1 or cluster 3. Similarly, Dean’s (blue)
students were only assigned to cluster 1 (12.0%), cluster 2 (52.0%), and cluster 3 (36.0%),
while no students were assigned to cluster 0. This model again picked up on the differ-
ences between teachers and assigned cluster membership based on relative classroom
engagement rather than differences between students in the same classroom.

To determine if we could improve the cluster results, the model was fit a second time
on scores standardized within each teachers’ class. The second model again showed
large improvement, with students within each classroom more evenly distributed across
the four clusters. In Fig. 4 (right) each teacher’s students are shown dispersed across the
four clusters. Dean’s (blue) students are now spread across all four clusters, with 36.0%,
20.0%, 8.0%, and 36.0% of students in each cluster, respectively (Table 6). Heather’s
(orange) students are also spread across all four clusters, with 20.0%, 30.0%, 30.0%, and
10.0% of students in the four clusters, respectively.

Cluster representations (centroids) from Lesson 15 were then fed into GPT-4 to cre-
ate interpretable cluster meanings that could be integrated into an online platform.
The model labeled the four clusters as, “Steady Strivers’, represented by spending a
relatively long time on the lesson and completing a large portion of the lesson, “Quick
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and Curious’, who spend less time on the lesson but still complete a moderate portion,
“Wandering Learners”, who spend an average amount of time by complete less of it,
and “Lost and Overwhelmed’, distinguished as spending little time on the lesson and
completing little (Table 7). As these cluster descriptions are based on the teacher-stand-
ardized values, they represent students who are excelling or falling behind in each class
and are useful for teachers to identify who is engaged or disengaged in their classroom.
Cluster names and interpretations were again validated by domain experts with teaching

expertise.

Discussion

Across nearly every lesson in our 19-unit data science curriculum, students’ behavioral
engagement, operationalized as time on task and percentage of the lesson completed,
varied significantly by teacher. Based on a deeper dive into two teachers who varied sig-
nificantly in how they delivered instruction through a digital learning platform, these
differences were substantial and supported by post-instruction interviews. These results
demonstrate that, in the smart classroom, students’ behavioral engagement is signifi-
cantly influenced by their teacher. Students in classrooms whose teachers follow struc-
tured use of the digital platform completed significantly more of the material compared
to students whose teachers used the platform only as a loose guide to their instruction.
As a result, when clustering analysis was standardized across all classrooms, these differ-
ences in apparent student engagement between teachers largely swamped out any mean-
ingful differences between student engagement within that teacher’s classroom. This
type of analysis provides very little insight that is useful and actionable at the individual
classroom level.

In contrast, when clustering analysis removed differences between teachers by
standardizing scores within each teacher’s classroom, engagement patterns were
revealed among students within the same instructional context. This distinction
is critical as it provides information on learning and possible interventions that are
actionable by the teacher and targeted to specific groups of students in their class-
room. Indeed, we were able to show that the output of “teacher centered” engagement
modeling can be passed through GPT-4 to translate cluster centers into human-read-
able engagement profiles and recommendations. Cluster interpretations provided
by GPT-4 were reviewed by domain experts (curriculum developers and qualita-
tive researchers), who validated their educational relevance. Using GPT-4 over a

Table 7 LLM cluster interpretations for Lesson 15

Cluster  Cluster name Cluster description

Cluster 0 Steady strivers These students spend significantly more time on the lesson and complete a
large portion of it. They are persistent learners who work diligently

Cluster 1 Quick and curious These students spend less time than average but still complete a moderate
portion of the lesson. They may grasp concepts quickly

Cluster 2 Wandering learners These students spend a typical amount of time on the lesson but complete
less of it, possibly due to distractions or motivation issues

Cluster 3 Lostand overwhelmed These students spend very little time on the lesson and complete almost
none of it, suggesting disengagement or struggle
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human-in-the-loop interpretation allows these cluster interpretations to be built into
software applications that can automatically cluster and interpret student behavior,
lightening the load on teachers. These interpretations are presented as exploratory
and illustrative, rather than definitive, and provide a foundation for future refinement.

Our findings provide evidence that, in the STEM classroom, the teacher exerts an
important, measurable effect on how students interact with digital learning platforms
and that this significantly impacts how we should model and interpret individual stu-
dent engagement with learning. This study adds to a growing body of work that seeks
to understand student engagement during learning as a multi-dimensional, dynamic,
and contextually embedded process through their interactions with digital learning
platforms (Dewan et al., 2019). Our focus is on STEM classrooms—and similar physi-
cal learning environments—that blend these digital learning platforms with a wide
range of learning materials and technologies, as well as in-person and interpersonal
instruction (Shreeve et al., 2025). These are settings where students can build aware-
ness, agency, and access to emerging technology fields that will influence their future
lives and careers. In STEM learning environments, student interactions with digital
learning platforms and engagement with learning is influenced by factors that are not
present in more static, digital-only settings that have traditionally been the focus of
this research (Liu, 2022; Cetintas et al., 2010; Cocea & Weibelzahl, 2009).

This teacher effect highlights a critical challenge in applying machine learning and
clustering techniques to classroom-based education data: the inherent complexity of
the physical classroom. Smart classrooms are not simply digital environments—they
are rich, interactive ecosystems shaped by teacher expectations, instructional strate-
gies, classroom norms, and peer dynamics (Love et al., 2023). Understanding the fac-
tors that influence patterns in our data can lead to substantial improvements in our
data science models and the technology developed for smart classrooms. This tech-
nique allows teachers to see which students have high and low engagement in their
classrooms and better tailor interventions for individual students.

Our findings underscore the need to reframe how engagement is modeled in smart
classrooms. Traditional approaches often center on individual learner characteris-
tics—such as prior knowledge or attention span—and have not accounted for the con-
text of in-person learning. However, our study suggests that such models must evolve
to include systemic and contextual influences, especially in smart classrooms where
teaching style and classroom culture play a pivotal role in shaping student engage-
ment with digital tools.

Though this is a single case study, this pattern likely extends throughout tech-
nologies that are used cross-classrooms. By introducing teacher-aware modeling
techniques—such as within-classroom standardization—we not only improve the
technical performance of engagement clustering but also take a meaningful step
toward more context-sensitive and learning analytics. This shift from student-centric
to classroom-situated engagement models allows us to identify and support learners
within the instructional environments where their behavior actually unfolds. Practi-
cally, teachers should intentionally align digital platform usage with instructional
goals and classroom needs. Educational technologists should ensure platforms are
sufficiently adaptable to diverse teaching methods. Developers are encouraged to
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incorporate design flexibility to effectively support varied instructional approaches

and classroom contexts.

Limitations and future research

While this study offers valuable insights into how teacher influence shapes student
engagement in smart STEM classrooms, several limitations should be considered when
interpreting the findings. First, the study was conducted with a relatively small and
regionally concentrated sample—five teachers across six schools in one geographic
area. Although the sample included a range of school types and student demograph-
ics, its scope limits generalizability. Our findings are exploratory and primarily gener-
alizable within similar high school STEM classroom contexts using comparable digital
platforms. Generalization across differing educational contexts, subjects, age groups, or
technologies requires additional research and replication. Future research should repli-
cate and expand this work across broader geographic, cultural, and institutional contexts
to determine the extent to which teacher effects on engagement are consistent across
diverse learning environments.

Second, our engagement analysis focused exclusively on behavioral indicators—spe-
cifically, time on task and percentage of the lesson completed—derived from digital log
data. While these metrics offer useful snapshots of student activity, they do not fully rep-
resent the multidimensional nature of engagement, which also includes cognitive, emo-
tional, and agentic dimensions (Reeve, 2013; Reschly & Christenson, 2022; Sinatra et al.,
2015). Future studies should integrate richer, multimodal data sources—such as student
reflections, classroom video, real-time affective sensing, or patterns of peer interac-
tion—to create a more comprehensive model of engagement.

Finally, while our clustering models demonstrated the value of within-classroom
standardization, they relied on only two behavioral features. There is considerable
opportunity to extend this modeling approach by incorporating additional engagement
signals and exploring alternative machine learning techniques capable of adapting to
the evolving context of classroom instruction. Doing so would support the development
of predictive models that are not only technically robust, but also context-aware and
responsive to the dynamic nature of teaching and learning.

Conclusion
As STEM classrooms increasingly integrate digital platforms and smart technolo-
gies, there is a growing need to rethink how student engagement is modeled in these
complex, blended learning environments. Traditional approaches, often developed in
online or individual learning contexts, tend to overlook the layered realities of in-person
instruction, where engagement is shaped not only by individual traits or system design,
but also by the instructional strategies and classroom culture established by the teacher.
This study offers a critical perspective on that dynamic. Drawing on both quantitative
metrics and qualitative teacher interviews, we found that students’ behavioral engage-
ment with digital materials varied significantly based on the instructional context pro-
vided by their teacher. These differences were consistent across lessons and aligned
closely with each teacher’s pedagogical approach, highlighting the profound influence of
teacher behavior on how students engage with digital tools in the classroom.
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Our findings demonstrate that accounting for these classroom-level dynamics—spe-
cifically through within-teacher standardization—enables machine learning models to
uncover more meaningful and actionable patterns of student engagement. Rather than
comparing students to a generic benchmark, this approach provides insight into how
individual learners are engaging relative to their peers in the same instructional environ-
ment. This shift enables more targeted support for students and more relevant feedback
for educators. Our results reinforce theoretical assertions that behavioral engagement
measures, like task completion and time-on-task, are particularly sensitive to instruc-
tional contexts. Conversely, cognitive or emotional dimensions may differ in their
responsiveness to teacher practices, an area warranting further exploration.

The study offers both a methodological innovation and a conceptual reframing. Meth-
odologically, it introduces a more context-aware and equitable approach to clustering
engagement data. Conceptually, it challenges the field to move beyond static or univer-
sal models of engagement and toward more nuanced, classroom-situated frameworks
that reflect the lived dynamics of teaching and learning in smart STEM classrooms.
Ultimately, this work contributes to the development of more accurate, equitable,
and responsive systems that support both students and educators in modern STEM
classrooms.

As digital technologies continue to reshape the educational landscape, engagement
models must evolve in parallel. Effective systems will need to do more than track activ-
ity—they must interpret behavior in context, recognize the influence of instruction, and
deliver insights that support real-time decision-making. By centering teacher influence
in the modeling of engagement, this work contributes to the design of smarter, more
responsive educational tools that empower teachers and help all students thrive. Future
research should examine correlations between identified teacher-adjusted engagement
patterns and academic outcomes, including achievement and STEM persistence. Inves-
tigations into how professional development influences teachers’ utilization of engage-
ment analytics, and identifying which behavioral indicators best predict long-term
student success, would significantly enhance practical applicability.
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