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ABSTRACT
Classroom orchestration tools allow teachers to identify stu-
dent needs and provide timely support. These tools provide
real-time learning analytics, but teachers must decide how
to respond under time constraints and competing demands.
This study examines the relationship between indicators of
student states (e.g., idle, struggle, system misuse) and teach-
ers’ decisions about whom to help, using data from 15 class-
rooms over an entire school year (including 1.6 million stu-
dent actions). We explored (1) how student states relate to
teacher intervention, especially when multiple students need
help, (2) how learning rates and initial proficiency affect the
likelihood of receiving help, and (3) whether teachers prior-
itize student states that align with system help-seeking pat-
terns. Using a time slice analysis, we found that teachers
primarily helped students based on idleness, while student
help seeking in the tutoring system was primarily related to
struggle. Furthermore, our findings show that students’ re-
ceipt of help from teachers was significantly positively cor-
related with their in-system learning rate. These findings
highlight how learning analytics of student states can en-
hance teacher support in AI-supported classrooms and as-
sess the effectiveness of teacher support, offering insights
into key indicators for orchestration tools.

Keywords
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1. INTRODUCTION
Classroom teaching is a complex task that requires educa-
tors to continuously observe each student’s learning state to
determine who needs support and what type of assistance
would be most effective [19, 3, 9]. Teachers must align their
instructional actions with students’ needs to achieve their

pedagogical goals [16]. With the advancement of AI, AI-
driven classroom orchestration tools have been developed to
enhance teachers’ instructional practices during live class-
room activities, particularly by directing their attention to
students who need help the most (e.g., Lumilo [14], MT-
Dashboard [24], and DREAM [28]). Research has shown
that when AI recommendations are used to prioritize learn-
ers in need, teachers can adjust their instructional strategies
accordingly to focus on those who need the most support,
leading to measurable improvements in student learning and
performance [14, 2, 10]. Additionally, AI-powered learning
analytics can offer a broader view of classroom dynamics,
enabling educators to personalize instruction and manage
learning activities more efficiently [3, 24, 12].

Despite the rise of real-time teaching orchestration tools and
learning analytics systems that help teachers better under-
stand student learning, most research remains limited to
small-scale studies and research-controlled classrooms [9].
A prior study [9] has investigated software detected student
states (idle, monitor, working, and offline) when receiving
help but did not model their overall impact on teacher in-
tervention practices. By modeling between student informa-
tion (e.g., learning states) and teacher decision, we can gain
insight into teacher decision-making patterns and investi-
gate which student conditions influence teachers’ choices of
whom to visit. By understanding what guides teacher be-
havior, we can identify what analytics could pose additional
opportunities to guide teacher prioritization of what student
to help.

In this study, we examine the relationship between teacher
decisions about whom to help in classes and student states
using an AI-powered classroom orchestration tool, LiveLab [11].
LiveLab has been widely adopted by educators and provides
real-time insights into student progress within MATHia, a
mastery-based intelligent tutoring system used by over 600,000
students in grades 6–12 across the United States for mathe-
matics education. Given that students progress through the
curriculum at different paces, teachers often struggle to mon-
itor individual learning trajectories and identify students in
need of assistance. To support student learning, MATHia
allows students to request hints from the system. Addition-
ally, LiveLab offers a dashboard that shows students recent
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progress and activity in MATHia (e.g., idle, working), also
enables teachers to manually log instances of providing help
to students within its detailed analytics interface. We em-
ploy rule-based detectors to classify when students exhibit
four key engagement and performance states: doing well,
idle, struggling (sometimes referred to as wheelspinning [6]),
and system misuse (sometimes referred to as gaming the
system [4]). We chose these four indicators because past co-
design research on classroom orchestration tools with K-12
teachers revealed that teachers favor these four indicators
among other student detectors and find them most infor-
mative for which student to help [15]. Our research ex-
plores how educators integrate this AI-driven tool into their
daily teaching practices, with a specific focus on the“marked
helped” feature, where teachers support students individu-
ally for brief moments of time while they learn with tech-
nology (and indicate that they have done so in LiveLab’s
dashboard). We focus on these help moments because they
are known to play an important role in student learning and
the effectiveness of tutoring systems [18, 26].

By analyzing teacher-logged decisions of whom to help across
a diverse range of classroom settings–covering 15 unique
classes in which this teacher logging of support instances
was used most frequently, throughout the academic year and
more than 1.6 million student-system interactions–we gain
valuable insights into how teachers engage with AI-detected
student learning and engagement states in real-world envi-
ronments. Specifically, our study investigated the following
research questions:

RQ1: How do student states relate to teacher intervention in
general (RQ1a) and during instructionally challenging
moments (where more than one student needs help)
(RQ1b)?

RQ2: How do students learning rate and initial proficiency
relate to the likelihood of receiving teacher help?

RQ3: Do the student states that teachers prioritize for inter-
vention align with those most correlated with student
help-seeking in the tutoring system?

2. METHOD
2.1 Dataset
Student interaction data was collected from MATHia [11],
comprising 1,641,887 transactions (i.e., student actions) from
358 students enrolled in 15 middle and high school math
classes across ten U.S. K-12 schools during the 2022-23 school
year. These classes were selected based on the relative fre-
quency with which teachers used a feature to mark moments
of help, meaning the teacher reported through the LiveLab
dashboard1 (Figure 1) when they helped a specific student
after 1:1 help was provided. These “marked as helped” in-
stances were then recorded in the log data with timestamps,
together with the student ID, so we can relate them to stu-
dents’ actions also recorded in the log data.

2.2 Detectors and Feature Engineering
1MATHia is typically part of a schools’ core math curricu-
lum and instruction in a blended model that recommends
usage MATHia for 40% of instructional time during a typical
week of math instruction (e.g., two of out five instructional
math periods). LiveLab is provided as optional support for
orchestrating this MATHia classroom time.

Figure 1: LiveLab dashboard shows real-time student
progress monitoring and remediation suggestions for teacher.
Teacher could manually log instances of providing help to stu-
dents using a button “Mark as Helped”.

As is common practice for tutoring systems, the log data
included timestamped interactions of students with the sys-
tem, including graded attempts and hints requests. These
log data were enhanced with behavioral detectors to identify
students’ learning states, using LearnSphere [27], a collab-
orative open data infrastructure that supports the sharing,
analysis, and modeling of large-scale educational data for
learning science research. Behavioral detectors were recoded
into binary variables, indicating the presence or absence of
each student state.

We classify students’ learning states using rule-based detec-
tors, identifying four key categories: idle (no interactions
in the software for 2 minutes or more [14]), system misuse
(rapid guessing, abusing hints, or gaming the system [4]),
struggle (students attempting to master a skill three or more
times without mastering it despite system support [6]), and
doing well (low recent error rate in current activity, defined
as an error rate less than 20% over the last 10 actions [14]).
These detectors were based on open-source code featured
in past research on teacher augmentation tools, which have
shown to significantly improve student learning gain when
shown to teachers in classrooms where students learn with
tutoring systems [14, 15]. These detectors capture different
aspects of student learning behaviors, which are crucial for
understanding how teachers respond to students [11, 18].

To further capture student learning dynamics, we considered
two additional factors: (1) System hint usage: This controls
student help-seeking behavior within the system and may
indicate a need for instructional support. We define it as
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whether a student requests system-provided hints, serving
as a baseline measure for identifying students who require
additional instruction beyond system feedback [1]. (2) Chal-
lenging moments: It is possible that teacher help behavior
not only depends on whether or not a student needs help,
but also how many other students need help. For exam-
ple, a teacher may have to make a decision between mul-
tiple students needing help at the same time. We define
these situations as instructionally “challenging moments” –
whether more than one student exhibits disengagement or
struggle within 15-minute intervals (i.e., idle, system misuse,
or struggle). The time interval follows the next section’s
model, tested for robustness across different time slices.

2.3 Statistical Modeling
When estimating the relationship between students’ states
and help-seeking with teacher help, there is a natural vari-
ation in when and how teachers report which student they
have helped. In discussion with the data provider and past
classroom research [18], we decided to analyze our data
in time slices, meaning we estimate the co-occurrence of
teacher behavior and student behavior within timeframes
within the class periods, typically lasting about 45 minutes.
Similar co-occurrence or time slicing analyses have been ap-
plied to study teacher behavior in tutoring system class-
rooms [17] and also have been used to understand diagnostic
behavior in other domains [7].

Based on these considerations, a 15 minute time slice win-
dow was chosen and all student binary detectors and teacher
help decisions were aggregated within these windows, with 1
coded as a given behavior being present at any point of the
time slice and 0 otherwise. We checked robustness of results
for different time slice intervals ranging from 5-20 minutes
and report results for 15 minute windows as they offer a
good balance between data sparsity and statistical power
(as larger windows lead to sparser and potentially noisier
data with fewer occurrences, but also more statistical power
through more observations [7]).

To assess the relationship between student behaviors and
receiving help (RQ1a), a generalized linear mixed effects
model (GLMM) was estimated using logistic regression [21].
The model included random intercepts for students nested in
classes to account for hierarchical dependencies and student-
differences in help receiving (teacher intervention) given re-
peated measurements introduced through time slicing. The
final model evaluated the likelihood of receiving help based
on whether help was requested in the system (i.e., hint us-
age) and a set of detected behaviors:

TeacherIntervention ∼ (1|Student) + (1|Class)

+ HintUse + Idle + Misuse

+ Struggle + DoingWell

(1)

The model was assessed using intraclass correlation coeffi-
cients (ICCs) to examine variance explained at the student
and class levels as well as standard Wald-test of model main
effects.

To investigate student states related to teacher intervention
during challenging moments, we examined the interaction
effects of challenging moments (binary indicator) with all

main effects of Equation 1 by estimating a separate model
to answer RQ1b.

To answer RQ3 that whether student state that most indica-
tive of students requiring teacher intervention align with the
student help-seeking in the tutoring system, we re-used our
model 1 but modeling student help-seeking with tutoring
system as the binary outcome instead of a predictor.

2.4 Individual Differences in Learning
Past research has collected evidence that teacher help im-
proves learning with tutoring systems [18, 14]. To extend
this evidence and answer RQ2, we studied how teacher sup-
port was correlated with student learning rates (as a mea-
sure of learning efficiency) and estimated prior knowledge.
To explore student-level differences in initial proficiency, an
iAFM learning model [22] was estimated to track student
progress over time on each skill using the standard skill
model [8]. The standard iAFM model is in Equation 2.
The model infers the correctness of the first attempts at a
problem-solving step (Ycorrect) based on an individualized
mixed-model student intercept representing students’ initial
proficiency (τstud.), an intercept per skill representing ini-
tial skill difficulty (τskill), and an opportunity count slope
(βopportunity) representing overall learning rate [20]. Fur-
ther individualized student slopes model student learning
rate differences (τstud./opportunity).

Ycorrect = τstud. + τskill + βopportunity + τstud./opportunity + ϵ
(2)

Random intercepts (representing initial student proficiency)
and learning rates for students were extracted and correlated
with student-specific effects from the help-receiving model
to examine potential associations between student learning
attributes and variation in student help-receiving behaviors.
All statistical analyzes were performed in R using the lme4
package [5]. Our code is publicly available on GitHub2.

3. RESULTS
3.1 Factors Associated with Teacher Interven-

tion (RQ1)
3.1.1 Teacher Intervention in General

The logistic regression model assessing predictors of receiv-
ing teacher help indicated that students who requested help
in the system through hints had significantly higher odds of
receiving teacher assistance (OR = 1.70, 95% CI [1.37, 2.11],
p < .001). Additionally, students who were idle were signifi-
cantly more likely to receive help compared to those in other
states (OR = 3.26, 95% CI [1.42, 7.50], p = .005). However,
system misuse (OR = 0.79, 95% CI [0.28, 2.23], p = .654),
struggle (OR = 0.78, 95% CI [0.22, 2.75], p = .704), and stu-
dents doing well (OR = 0.81, 95% CI [0.32, 2.02], p = .650)
were not significant predictors of receiving help.

Further decomposition of variance at different levels indi-
cated that 16.9% of the variance in receiving help was at-
tributable to differences between students (ICC = 0.169),
while 6.8% of the variance was explained by class-level differ-
ences (ICC = 0.068). The univariate odds ratios for the indi-
vidual predictors were generally consistent with the magni-

2https://github.com/GeorgieQiaoJin/
A-Time-Slice-Analysis-of-Teachers-Decisions.git
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tude and direction of the effects observed in the main model.
This consistency reinforces the robustness of the model in
capturing the factors associated with teacher help-selection
decisions.

3.1.2 Teacher Intervention in Challenging Moments
Results show that teachers were more likely to provide help
during challenging moments (OR = 2.26, 95% CI [1.09, 4.67],
p = .028). Additionally, we analyzed the interaction effects
between challenging moments and detected uses. Specif-
ically, the interactions between challenging moments and
system misuse (OR = 1.63, 95% CI [0.18, 14.40], p = .659),
struggle (OR = 1.59, 95% CI [0.11, 22.14], p = .730), and
doing well (OR = 2.46, 95% CI [0.36, 16.98], p = .362) were
not statistically significant. However, there was a marginal
association whereby teachers were less likely to help students
based on their idleness (OR = 0.14, 95% CI [0.02, 1.05],
p = .056) when challenging moments occurred.

3.2 Individual Differences in Learning (RQ2)
Given the relatively large ICC for students, we examined
whether individual differences characteristics were associ-
ated with variations in help reception, focusing on students’
initial proficiency and learning rate. No significant correla-
tion was found between students’ initial proficiency and their
intercept from the help-receiving model (r = −0.067, 95%
CI [−0.174, 0.042], p = .226), suggesting that students’ base-
line skill levels were not systematically associated with their
probability of receiving help. However, a significant positive
correlation was observed between the intercept of the help-
receiving model and students’ learning rate (r = 0.125, 95%
CI [0.016, 0.230], p = .024). This suggests that students who
had a higher propensity to be visited by teachers tended to
learn more from the instruction of the tutoring system.

3.3 Alignment of Teacher Priorities and Stu-
dent Help-Seeking (RQ3)

The results of our logistic regression model on system help-
seeking behavior indicate that students who were struggling
had significantly higher odds of help-seeking in the tutoring
system (OR = 2.46, 95% CI [1.37, 4.43], p = .003). Con-
versely, idleness (OR = 0.93, 95% CI [0.62, 1.38], p = .703)
and system misuse (OR = 1.11, 95% CI [0.75, 1.64], p =
.596) were not significant predictors of help-seeking in the
system. Similarly, doing well showed no significant difference
in help-seeking behavior (OR = 1.11, 95% CI [0.79, 1.56],
p = .553). These suggest that students who were strug-
gling are more likely to seek help in the system, while idle
behavior and system misuse do not strongly predict system
help-seeking. In other words, there was an empirical mis-
match between instructional needs of students and teacher
1:1 support, which was more guided by student disengage-
ment (idleness).

4. DISCUSSION
Understanding how teachers allocate their limited time and
attention is critical for optimizing classroom orchestration
tools [14, 18]. This study provides novel insights into teacher
intervention patterns in AI-supported classrooms by analyz-
ing over 1.6 million student-system interactions across 15
classrooms in K-12 classrooms. We examined the role of
AI-generated student engagement indicators in predicting

teacher help and system hint usage, offering an empirical
assessment of how teachers respond to student disengage-
ment, help-seeking, and struggle and whether those align
with student needs.

Our results reveal several factors associated with teacher in-
tervention to answer RQ1: in general, when students used
more system hints and exhibited idleness were significantly
more likely to receive teacher assistance (RQ1a). This find-
ing is consistent with previous research that analyzed middle
school classrooms using MathTutor, where teachers’ helping
decisions were most associated with student idleness [18].
However, system misuse, struggle, and student doing well
were not significant predictors of teacher help. Based on
past observation studies [18, 15], it is likely that teachers
cannot easily tell whether a student is struggling or misus-
ing the system due to classroom management demands. As
a consequence, teacher may pay more attention to openly-
visible engagement issues rather than cognitive needs of stu-
dents. Rather than responding to cognitive needs, teachers
are known to “make rounds” to check in and resolve content
issues [26]. In contrast, targeted help of students during
struggle, as struggle, which was most associated with stu-
dent help-seeking in the system, could help allocate teacher
help more effectively [23]. Therefore, our findings provide
novel evidence that analytics guiding teachers to struggling
students could unlock additional opportunities to improve
classroom practice with tutoring systems. Notably, although
some detectors (e.g., system misuse and struggle) did not
reach statistical significance, this does not mean that these
factors are unimportant for optimal intervention strategies.
Prior research suggests these factors (e.g., gaming behav-
ior [13] (akin to misuse in our study), frustration (akin to
struggle in our study) [25]) still significantly correlated with
student learning outcomes when learning with software.

During challenging moments (RQ1b), teachers were more
likely to provide help. This aligns with teaching logic that,
when more students requires helps, teachers tend to inter-
vene more proactively. However, the weaker predictive power
of idleness in these situations suggests that teachers may
rely more on other signals to decide whether to intervene.
For example, teachers more generally visited more students
when multiple students required help. It is possible that
they attempted to quickly visit several students to manage
their classroom efficiently [26], however, that hypothesis is
subject to future research. Future directions can explore
how teachers intervene for different detected behaviors. For
example, prior studies have shown that idle students primar-
ily received encouragement and some technical support [9]
– often just enough to quickly get them back on task. This
might explain why idle students were more likely to receive
help, as the time cost of assisting them is lower.

Prior work found that teacher visits helped low-learning-
rate students adopt more effective problem-solving behav-
iors [8]. Our results to answer RQ2 align with this, showing
that students with higher learning rates were more likely
to receive teacher help, while initial proficiency was not a
predictor. This suggests that teacher attention is influenced
by students’ responsiveness to instruction rather than just
baseline ability. Future work should explore whether early
conceptual support for low-learning-rate students can fur-
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ther enhance learning outcomes.

Our findings reveal that student states most correlated with
help-seeking, and additional instructional need during cog-
nitive tutoring may not always align with the states teachers
pay attention to when deciding whom to provide with one-
on-one teacher support (RQ3). Specifically, while struggle
was most associated with student hint seeking in the system,
idleness was most associated with teacher help-selection de-
cisions. This suggests that teachers may underestimate or
overlook the need for assistance among struggling students,
as these students tend to (unsuccessfully) rely on system
hints rather than waiting for teacher intervention. There-
fore, when designing AI-driven classroom suggestion sys-
tems, it may be necessary to adjust the weighting of differ-
ent behavior detectors to better meet students’ needs. ITS
systems could also integrate these findings to optimize help-
triggering mechanisms. For example, detect when students
are idle but delay notifying teachers until a more appropriate
moment.

4.1 Limitations and Future Work
We lack action data on offline students (although they can
still be marked as helped in the system), preventing us from
linking teachers’ helping decisions to their offline actions.
This missing data is unlikely to bias the results as students
who were offline more often were also likely to be more dis-
engaged. If anything, our analysis may underestimate the
effect of disengagement by missing instances of struggle or
idleness, but were not logged into the system. Future work
could incorporate qualitative teacher observations or alter-
native engagement metrics to better capture offline behav-
ior. Another limitation is that teachers had access to the
“idle” status in the dashboard, which may have influenced
their decision making. This visibility could mean that teach-
ers either actively responded to idleness in real time or re-
lied on system detections over their own observations. As
a result, recorded decisions might partially reflect system
guidance rather than independent teacher recognition. Fu-
ture studies should examine how system-provided indica-
tors shape teacher behavior and whether helping decisions
change when automated engagement signals are unavailable.
Furthermore, we selected only classes where teachers logged
support instances most frequently, but, despite this filtering,
the completeness of these logs is unclear. Some real-time
decisions may have gone unrecorded, which could limit the
generalizability of our findings to settings with different log-
ging practices. Future work may consider defining inclusion
criteria based on completeness checks (e.g., through class-
room observations or teacher self-reports). In addition, the
dataset does not include any further information about the
instructors. Future work should consider whether instruc-
tional contexts, levels of experience and preparation make
teachers more or less likely to use LiveLab or to use it in
their instructional practice in different ways.

5. CONCLUSION
This study investigated how student states and system help-
seeking behaviors relate to teacher intervention in K-12 class-
rooms. Using a large-scale dataset of over 1.6 million student
interactions, we found that teachers were significantly more
likely to assist students exhibiting idleness than those strug-
gling academically, even though struggle was more strongly

associated with student help-seeking in the tutoring system.
This mismatch suggests that teachers may respond more to
visible disengagement than to deeper cognitive challenges.
Moreover, students with higher learning rates were more
likely to receive help, suggesting that teacher attention may
be driven more by perceived responsiveness than by baseline
proficiency. Overall, this work contributes to understanding
current teacher intervention practices and to providing de-
sign and research implications for future teacher awareness
and recommendation systems aimed at improving classroom
support strategies.
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