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Abstract. Effective design of classroom orchestration tools depends on
purposeful collection, analysis, and presentation of learning analytics
(LA) to teachers. However, researchers have raised concerns regarding
their acceptance and adoption in real classrooms, emphasizing the criti-
cal role that teachers can play in their design. To engage teachers in iden-
tifying their analytics needs during class time, we conducted classroom
observations, interviews, and a focus group with ten grades 3 to 8 math
teachers. Our thematic analysis of the data led to findings about teach-
ers’ in-class information needs and usage, which we integrated with exist-
ing models of teachers’ sensemaking and decision-making in LA systems
to generate a conceptual model of math teachers’ in-class information
needs and usage. Our model captures interconnections across categories
of (a) information needs for in-class sensemaking (events, event causes,
student profiles) and (b) information usage for in-class decision-making
(interventions). We illustrate the connections between different instances
of these categories through five case scenarios. Based on our model, we
propose strategies for supporting the design of orchestration tools aiming
to integrate cross-domain analytics for overall student growth, balance
automated assistance and teacher control, and manage information over-
load for teachers. Our findings offer valuable insights for LA communities
in grounding the design of classroom orchestration tools on teachers’ ac-
tual needs.
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1 Introduction

Prior work has strongly advocated for involving stakeholders such as teachers,
students, and parents in the design of learning analytics (LA)-based classroom
orchestration tools [21,17,19], such as through co-design or participatory design
[19]. This involvement enhances designers’ understanding of end-users’ needs
and incorporates expert feedback into designs [27]. Involving stakeholders only
in the latter stages of design, such as for prototype evaluation may restrict their
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feedback to existing prototypes [7,27]. Accordingly, researchers emphasize the
importance of understanding how instructors manage various in-class activities
without specific technologies in use [14]. This understanding could inform the
effective design of orchestration tools that align with teachers’ real-world daily
tasks.

To this end, our work explores the information needs and usage of grades 3 to
8 math teachers within real classroom settings. We conducted observations, in-
terviews, and focus groups with teachers within classrooms that do not currently
implement classroom orchestration tools. In our analysis of these data, we aimed
to identify the kinds of information that teachers need and use in real-time. The
research questions that guide our inquiry are as follows:

e RQ1. What data do grade 3-8 math teachers want to collect about their
students during class time?

e RQ2. How do grade 3-8 math teachers intend to use student data?

e RQ3. How can understanding these data needs and usage support the design
of orchestration tools?

We synthesized the themes we found from our data analysis with prior mod-
els of teachers’ sensemaking and decision-making in LA systems to develop a
conceptual model of math teachers’ in-class information needs and usage (Sec-
tion 4.1). In particular, our model distills our findings into two central categories:
(1) Information Needs for In-class Sensemaking and (2) Information Usage for
In-class Decision-making. It is important to acknowledge that while prior stud-
ies have identified similar categories of information needs and usage, our study
focuses on the interconnections among a range of information needs and usage
in various domains. Drawing on our conceptual model, we provide a theoretical
basis to support orchestration tools in (1) providing cross-domain analytics for
overall student growth, (2) balancing automated assistance and teacher control
through enhancing tools’ transparency, and (3) managing information overload
for teachers through timely and on-demand delivery of analytics.

2 Related Work

2.1 Classroom Orchestration and Human-AI Co-orchestration

Classroom orchestration is a multifaceted task involving real-time management
of various activities against multiple constraints such as time, curriculum, and
alignment to educational standards [8]. This becomes even more critical in early
education, where teachers follow more diverse educational objectives including
enhancing students’ social-emotional and cognitive development [28]. In these
environments, teachers play a dual role as both student mentors and nurturers,
highlighting the complexity and significance of their responsibilities.

Over time, orchestration has evolved to include Al agents assisting teachers
in orchestration tasks (i.e., Human-AI Co-orchestration). This integration facil-
itates the assignment of certain pedagogical tasks to teachers, students, and Al
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agent [14]. For instance, Pair-up, a teacher-facing co-orchestration tool, can au-
tomate the task of pairing students for peer learning [33]. It also assigns the roles
of tutor and solver within each pair, thereby alleviating some of the orchestration
tasks from teachers. Moreover, Al agents are increasingly capable of automating
the interpretation of student data and offering higher-level analytics to teachers,
enabling the provision of timely intervention suggestions and even automating
certain interventions (e.g., providing students hints while problem-solving) [4,
33].

Prior work has found various challenges with the shift towards Human-AT Co-
orchestration, such as finding the right balance between automated assistance
and teacher control [4,14]. While over-automation risks diminishing teachers’
ability to tailor instructions based on their specific educational context, under-
automation might leave teachers burdened by tasks they would rather leave for
the system and save some time for other high-priority responsibilities. In this
study, we developed a model of teachers’ in-class information needs and usage,
designed to support orchestration tool designers to assess the tools’ analytical
capabilities when considering task automation. Also, our model offers a theoret-
ical basis for enhancing the transparency of orchestration tools, a key strategy
for granting teachers meaningful control over these tools.

The adoption of orchestration tools also poses the risk of cognitive overload
for teachers, especially when tools present a significant volume of analytics that
teachers have to process [4, 9]. Teachers often have very limited time to decipher
analytics, which impacts the actionability of information provided by orchestra-
tion tools [16,15]. To address this, prior work has proposed delivering analytics
tailored to ongoing classroom activity, presenting analytics based on priority and
providing details on demand [4]. Within this work, our model suggests a possible
approach for delivering analytics to teachers in orchestration tools, focusing on
providing analytics at proper times and upon teacher requests.

2.2 Enhancing Classroom Orchestration with Learning Analytics

Classroom orchestration tools can provide teachers with a range of real-time
analytics, such as insights into students’ current actions and processes, step-by-
step views of students’ solutions [3], thought processes (e.g., students’ chains of
reasoning for their work) [17], performance and common errors [12], sequences
of states (e.g., idle, misusing the software) [15], misconceptions [16], emotional
states [10], and the effects of previous teacher interventions [21,15]. These in-
sights could encourage interventions such as teacher-student communication,
aids to help learners re-focus (e.g., when idling or distracted), providing timely
praise [3], suggesting assignments [33], and strategic student grouping for class
activities [29]. Despite these capabilities, prior studies indicate that analytics
choices are often influenced by the availability of data without an in-depth anal-
ysis of teachers’ needs [16]. Our conceptualization of early education teachers’
in-class information needs and usage points to the need for orchestration tools
to prioritize collecting, analyzing, and presenting a variety of interconnected
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analytics vital for students’ growth across multiple domains (e.g., fundamental
skills, social-emotional learning).

Teachers’ interactions with LA systems are often framed within models of
sensemaking and decision-making [31,26]. These models suggest that teachers
begin using LA with specific educational questions in mind (e.g., emerging out
of teachers’ curiosity, pedagogical intentions, or prompted by the system) and
then interpret and analyze data related to students’ learning activities to address
initial questions. The next step involves decision-making, where teachers consider
alternative courses of action and select among them. In our study, we delineate
both the analytics requirements for sensemaking and the usage of analytics in
decision-making, highlighting the interconnections between these two processes.

3 Methodology

As suggested by prior studies, we conducted methodologies grounded in Human-
computer Interaction (HCI) literature to capture the authentic needs and values
of math teachers [23, 18, 19]. Our exploratory work is divided into two phases: we
first conducted contextual inquiry through direct observations of math classes
followed by semi-structured interviews with the teachers. Second, we conducted
a focus group session with another set of math teachers. Research methods across
participant recruitment, screening, research consent, study protocol, and analysis
methods were approved by our institutional IRB.

3.1 Participants

We recruited teachers across public elementary and middle schools in a state in
the northeast United States by distributing recruitment posters to school officials
and teachers. The recruitment poster directed interested teachers to a screening
survey that collected information on their contact details (for follow-up) and
their teaching experience (school affiliation, current and previous grades taught,
total years of teaching experience, and their current role as either the primary
instructor or a teaching assistant). We recruited a total of five math teachers who
taught at the grade 3-8 levels across four different public schools to participate
in class observations and interviews.

Due to teachers’ unavailability for class observation, we decided to augment
our data with focus group interviews with another set of teachers. Using the
same recruitment strategy, we were able to recruit five other math teachers at the
grade 3-8 levels across a different set of four schools. We summarize participant
profiles in Table 1. Each participant was compensated with a $100 USD gift card
for their participation, distributed according to school district regulations.

3.2 Field Observations and Interviews

In preparation for the field observations, we briefed the teachers on our study
procedures, obtained their consent, and had them select a class they believed
to be representative of their typical teaching activities. We also obtained the
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Table 1. Participant Details: Columns indicate (left to right) participant’s assigned
ID (T-lead teacher, TA-teaching assistant), type of participation (O-Observation, I-
Interview, F-Focus group), school, grade level of observed class, grade levels previously
taught, and total years of teaching experience (self-reported).

ID Partici- School Grade Grades Taught Teaching Exp.
pation Observed (Years)
T1 0,1 S1 G6 G6, 7 10
T2 O, 1 S2 G6 Kindergarten, Preschool, G1-3, 6 35
T3 0,1 S3 a3 Gl1,3 6
T4 O, I S3 G3 Preschool, G1, 3 30
T5 0,1 S4 G3 G2, 3,4 11
T6 F S5 - G3-6 2
TA7 F S5 - G5 3
T8 F S6 - G8 5
T9 F S7 - G4, 5 1
TA10 F S8 - G3 1

required permissions from school district officers (superintendents, principals)
for our on-site class observations. We conducted the observations and inter-
views between March and May of 2023. The first author conducted all overt
non-participatory observations in person and took observation notes. Classroom
observations were video and audio recorded using a digital camera on a tripod
at the back of the classroom to minimize distractions. The observations also
provided us with context for refining our interview questions around our ob-
servations of what the teachers were doing during their classes. We interviewed
each participant remotely via Zoom a few days after each observation.

The semi-structured interviews ran between 35 minutes to an hour and were
audio and video recorded and transcribed. We asked teachers about their gen-
eral experiences as educators to gain some context around their teaching, their
affective perception of their teaching experiences (e.g., enjoyable, frustrating),
and teaching strategies. We also asked specific questions regarding the in-class
activities we observed (e.g., group work, student presentations). We also pro-
posed hypothetical scenarios to encourage teachers to talk freely about their
information needs regardless of their current constraints and our observations
from their classes.

3.3 Focus Group

We conducted a two-hour remote focus group discussion via Zoom with five math
teachers. The meeting was video and audio recorded and transcribed. The session
began with an introduction to the study and meeting attendees, followed by a
structured discussion around in-class activities identified from our observation
phase (Section 3.2). The teachers discussed their thoughts and experiences on the
types of information that teachers seek during each activity and their potential
use for in-class decision-making. We asked questions about information that
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teachers cannot currently obtain during class, encouraging them to discuss their
desires for accessing information beyond existing limitations. The focus group
study expanded on findings from the field observation, brought in early-career
teachers to broaden our sample, and enriched our data with varied experiences
from different schools.

3.4 Analysis Approach

We first analyzed the video recordings, transcripts, and observation notes from
the field observations and the interviews through collaborative Thematic Anal-
ysis [5] and Interpretation Sessions. We began by inductively generating initial
codes from each teacher’s class observation and interview data and associating
the teachers’ utterances with codes to ensure that codes are driven and primarily
supported by the data. Our bottom-up approach focused on extracting compre-
hensive codes without premature exclusion of any of them. We triangulated
across interview and observation data to accurately capture the context of the
codes we were generating. We also maintained records of relationships between
codes. For example, we recorded cause and effect dynamics or how specific codes
(e.g., teachers’ information needs) informed other ones (e.g., teachers’ pedagog-
ical interventions). In a subsequent round of coding our data, we collaboratively
reviewed and refined the codes and their relationships.

We then categorized codes into two primary groups: (1) teachers’ in-class
information needs, and (2) how teachers intend to use such information. Re-
viewing the existing models of teachers’ interactions with LA systems [31, 26],
our analysis situated the first group within the sensemaking process and the
second within the decision-making process. Thus, we are presenting our results
within these two processes (Section 4.1).

We conducted another round of inductive coding using our focus group data.
This enabled us to cross-reference new insights from the focus group with our
initial findings from the field observations and interviews. From this process,
we generated additional codes and found similar codes and themes that helped
reinforce our prior analyses. The final conceptual model derived from our analysis
is shown in Figure 1 and its components are described in the following section.

4 Results

We developed a conceptual model of math teachers’ information needs and usage
and provided case scenarios from our data that illustrate teachers’ needs and uses
around the components of this model (Section 4.1). We also describe our model’s
potential impacts on the design of classroom orchestration tools (Section 4.2).

4.1 RQ1 and RQ2: A Conceptual Model of Math Teachers’ In-class
Information Needs and Usage

One of the results of our work is the development of a conceptual model (Figure
1) categorizing teachers’ information needs for in-class sensemaking and their
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Fig. 1. A Conceptual Model of Math Teachers’ In-class Information Needs and Usage

application in decision-making. Below, we describe each component of the model
and present five case scenarios from our data that exemplify how teachers utilize
various information categories in their decision-making.

Educational Objectives and In-class Activities. Alongside math learn-
ing, social-emotional learning is a common objective articulated by our teachers
across all their in-class activities. Research indicates that children who better
comprehend emotions and social behavior often achieve higher math scores, sug-
gesting a link between emotional comprehension and academic performance [6].
Emotional states can not only enhance attention and motivation but also sup-
port learning engagement [30]. In line with this, our participants highlighted
the importance of identifying students’ emotions across in-class activities, as T4
noted: “[...] if they’re emotionally really not there [...] if they’re really being set
up by something else in the classroom, until I can get that in control, no matter
what I teach them, they’re not going to be ready to learn”.

Learning design defines educational objectives and the pedagogical plans,
including in-class activities, for educators to achieve these objectives [20]. We
identified common in-class activities from our data such as individual problem-
solving, group activities, and student presentations and we found that certain
educational objectives are linked to specific activities. For example, T4 noted
that student presentations improve oral skills: “I feel like that [presentation]
helps them with their explanation skills, helps them with oral skills [...]” and T1
highlighted their role in improving peer evaluation skills: “/...] if I see a mistake
on the board, I'll say, one of these has a mistake. What is the mistake? So then
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that’s [...] ability to analyze someone else’s work.”. Similarly, group activities are
noted to enhance teamwork skills. Understanding the various in-class activities
and their respective educational objectives is key in determining the appropriate
data types for collection, analysis purposes, and effective presentation to teach-
ers. We illustrate in the case scenarios (towards the end of this section) how
teachers’ information needs can differ based on the in-class activity. Thus, in
our model, the outermost layers, Educational Objectives and In-class Activities,
directly influence teachers’ in-class information needs and usage.

Information Needs for In-class Sensemaking. Our analysis identified three
main categories of real-time information needed for in-class sensemaking by math
teachers: Fvents, Event Causes, and Student Profiles. Events are classroom oc-
currences that can stem from various causes and are essential for teachers’ aware-
ness. Events and their causes can emerge in two ways: teachers might first observe
an event and trace its causes, or they might notice a cause and look for their
potential effects (i.e., events). For example, a teacher may notice a student’s
emotional state (e.g., a student is bored) and realize that an in-class activity is
a potential cause, or they may first recognize an external influence affecting a
student (a cause) such as a reported conflict with parents, and then discern its
potential effects on the student’s emotional state.

Teachers utilize information under the Student Profiles category to personal-
ize interventions, matching students’ unique needs and preferences. For instance,
they might examine students’ preferred learning modalities and adjust their in-
teractions with students accordingly—e.g., T4: “[...] some of my students defi-
nitely are just hands-on. Others want to draw it out. Others want to manipulate
things. And I think if I could see exactly like their way of learning [...]”

Information Usage for In-class Decision-making. We identified a range of
common Interventions utilized by teachers in their classrooms (Figure 1, right).
We also found an interplay between information needs for in-class sensemaking
and information usage for in-class decision-making. This interplay shows that
teachers’ interventions are either responses to immediate classroom events or
planned interventions requiring in-the-moment information for execution. For
example, a teacher might notice the event of math struggle for a student group
and provide hint/feedback to address it. The other way could be a plan to group
students for an in-class activity and looking for specific real-time information,
such as students’ math proficiency, for strategic grouping. We will elaborate on
group activities in Scenario 4.

Below are five case scenarios illustrating practical examples of teachers’ infor-
mation needs and usage: The first three detail classroom events, their potential
causes, and teacher interventions across all in-class activities, while the last two
focus on the specific information needs tied to two specific classroom activities.

Scenario 1: Math Struggles, Causes, and Potential Interventions. Dur-
ing all in-class activities, teachers often monitor students’ math struggles either
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at an individual level or a broader class level—T1: “[...] if there’s a [math] prob-
lem that [students] are, many groups are struggling with [...]”. Students’ areas of
struggle may take various forms including misconceptions, common errors, and
multiple failed attempts [16, 15], however, awareness of the causes of these strug-
gles is also key to taking effective interventions. Our participants highlighted
various causes; for example, T3 talked about their district-level assessment and
that knowledge gaps, technological issues, and question ambiguity can be poten-
tial causes of math struggles: “We’re able to look at okay, which standard? Were
they just not getting overall? [...] Which questions? What was the questioning?
[...] What were they missing? [...] Was it the technology part of it? Was it just
them missing having too many gaps?”

Teachers consistently seek insights into students’ thought processes in solv-
ing math problems, including their reasoning about their overall approach and
specific steps. This insight often reveals discrepancies between perceptions and
actions, a frequent cause of math struggle. T4 cites an example of interacting
with a struggling student: “/...] show me what you’re doing. Ezplain to me what
you think you’re doing, or what you think [the problem] wants you to do”

Additionally, we found that math learning is often intertwined with read-
ing/writing (R/W) skills, with teachers reporting that students’ math struggles
are not solely mathematical but may stem from R/W deficiencies, as T1 ex-
plains: “So, sometimes I’'m also gauging whether, If they don’t understand |[...]
the problem, or they do not know how to do it mathematically [...] because some
of them I don’t know if they can read so well.”

After understanding the root causes of math struggles, teachers choose among
a variety of interventions including assigning problems to students, communicat-
ing 1-on-1, or reteaching math topics. T1 discussed reteaching math topics when
several groups face struggles: “If there’s a problem that they are, many groups
are struggling with, then Ill kind of use that problem on like, we’ll go over
it”. T4 mentions assigning targeted math problems based on identified student
struggles: “/...] depending on where they’re struggling, have them work on that
[standards]”

Scenario 2: Emotional States, Causes, and Potential Interventions.
While positive emotions play a critical role in successful learning, negative ones
(e.g., anxiety, stress) can hinder learning performance significantly [30]. Our
teachers explained various triggers of emotional states, which are essential for
deciding effective interventions. For instance, external influences, such as hunger
or family conflicts, can impact a student’s focus and emotions. A teacher’s re-
sponse to such emotionally driven states might include communicating 1-on-1
with the student, as T1 explains: “Maybe talk to them like 1-on-1 and just say
like, I know that you’re going through a lot [...]”. Another common trigger is
in-class activities. T3’s interaction with students exemplifies this: “So, did [the
activity] kind of made you [...] a little anzious because it was so fast? Raise your
hand if it made you a little anzious.”. In these situations, a teacher might decide
transitioning between in-class activities to evoke positive emotions. T1 explains
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that group activities can evoke positive emotions: “It makes doing the work a
little bit more fun when [students] are with their peers”.

Scenario 3: Engagement Status, Causes, and Potential Interventions.
Student engagement is closely linked to positive outcomes including academic
success, school completion, and psychological well-being [32]. Our participants
shared insights on information aiding in engagement monitoring during different
in-class activities. For example, in group activities, teachers want to know if
students are on-task or off-task: “When they’re in groups, they tend to get a little
bit more chatty [...] So that’s why I just walk around and make sure the groups are
on-task” (T1). Being off-task might relate to the group’s interpersonal dynamics:
“I know that this person and this person, they can’t be in the same group, they’re
not going to work well together [...] They’re going to get into an argument, or
they’re going to fool around” (T3). During student presentations, teachers find
it helpful to know if students are actively listening: “/...] see the [students] that
are not presenting if they’re paying attention because usually that [presentation]
leads to distraction” (T9). A common strategy to boost engagement is requesting
student check-ins, where teachers ask students to indicate their engagement, for
example, through specific hand signals.

Scenario 4: Managing Group Activities. The efficacy of group activities
depends on grouping students strategically, monitoring groups actively, and pro-
viding personalized support [17,22,13]. Our participants emphasized the signif-
icance of grouping students based on personality traits that can lead to harmo-
nious and effective collaboration. For instance, T1 focuses on creating groups
that encourage shy students to participate more: “I’'m also figuring out what
groups are working well, because It’s helpful to know |[...] who works well with
each other, especially with shy people. [... Are] there specific people that they
can work with that [get] them [...] to talk a little bit more?” Moreover, grouping
students with varied math proficiency can facilitate mutual learning: “It’s also
good if you have a student who’s struggling, and one who’s stronger, they can
[...] maybe help the other” (T4).

As for group monitoring, prior studies highlight the need to flag groups that
are in most need of help [22,17], or insights into how much support each group
has received and the duration they have waited for support [2,1]. We found
that, in addition to events and their causes (Scenarios 1-3), group activities can
have unique causes for specific events. For example, T3 talked about uneven
contribution of team members during group activities that could cause math
struggle for the groups: “Because [...] there are some students that could sit back
and [think that others are] gonna do it for [them]”.

Depending on the events and their causes, teachers choose among varied
interventions such as providing hint/feedback, communicating 1-on-1, or changing
student groups in response to more significant issues. For example, in cases of
bullying within groups, T8 changes group compositions: “if it comes to a point
of bullying, I will [...] remove a person from the group [...]”.
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Scenario 5: Managing Student Presentations. Teachers consider various
information when choosing a presenter. For instance, they look for students’
problem-solving strategy to select presenters who can expose diverse approaches
to the class, with each potentially resonating differently with individual students:
“[...] they might use a little bit different language [...] that can reach different
students, especially different math brains work differently” (T5). Information on
students’ presentation history also assists teachers in giving students presenta-
tion opportunities to improve their skills.

During presentations, teachers search for potential events and their causes.
For example, T9 looks for potential math struggle in a student’s presentation and
whether the thought processes is a potential cause: “Kind of look through how
[presenters] think, and seeking out various ways that students are thinking about
each problem set”. Teachers also monitor the engagement status of students who
are not presenting.

4.2 RQ3: Using the Conceptual Model to Support the Design of
Orchestration Tools

Cross-domain Analytics for Overall Student Growth. The limited ac-
ceptance and adoption of orchestration tools, including real-time learning dash-
boards, have been linked to their failure to provide context-specific and action-
able information [21,15,24]. Research indicates that analytics offered by these
tools are often chosen based on analytics availability without carefully consid-
ering end-users’ actual needs [16]. To bridge this gap, we used methodologies
grounded in HCI to identify teachers’ information needs and usage, avoiding
biases toward any specific technological solutions.

Our findings highlight the need for orchestration tools to offer a wider range
of analytics, moving beyond subject-specific analytics to include factors influenc-
ing student growth in various domains. In math classrooms, for instance, while
many orchestration tools focus on math-related analytics [17, 33, 23], our findings
indicate that early education teachers also place significant value on students’
social-emotional learning. For example, teachers often look for insights into stu-
dents’ emotional states due to its supporting role in math learning [30]. Teachers
look for students’ personality traits to foster stronger bonds with them and per-
sonalize interventions. Furthermore, in elementary and middle school, students
simultaneously develop skills across various core subjects. Thus, challenges in
one area (e.g., reading/writing) can impact their performance in another (e.g.,
math). This interconnectivity demands orchestration tools that accommodate
analytics across disciplines.

Another notable finding relates to the importance of supporting a range of
in-class activities. For example, both our observations and interviews showed
that students’ in-class presentation is a key activity in math classrooms that
is aimed at enhancing competencies in public speaking and peer communica-
tion. Orchestration tools can be designed to help teachers decide who gets to
present their work and offer features for monitoring students’ status during
presentations (e.g., engagement status). However, many current orchestration
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tools lack features and analytics to support classroom presentations. This over-
sight could inadvertently diminish the significance of these activities in students’
multi-dimensional growth.

Balancing Automated Assistance and Teacher Control. Al-based or-
chestration tools can automate various tasks for teachers such as automating
data interpretation to show higher-level data, recommending interventions pro-
vided by decision-making algorithms, and even taking pedagogical actions in-
stead of teachers, such as giving specific hints and reminders [4, 33]. However, in
educational environments, requirements and constraints can evolve constantly
[8]. For instance, educational standards and curricula may undergo significant
changes from one semester to the next. Likewise, classroom dynamics, includ-
ing peer interactions and teacher-student interactions, are subject to variation.
These fluctuations can significantly impact the efficacy of automated assistance,
requiring the ongoing involvement of teachers in the design and development
of orchestration tools. This collaborative approach ensures that these tools are
routinely refined and aligned within the contexts, needs, and constraints of the
educational landscape.

One approach to facilitating teachers’ effective use of orchestration tools and
their meaningful participation in offering constructive feedback is through en-
hancing the tools’ transparency. Such transparency should include explanations
of the capabilities and limitations of the tool [34,11]. For example, it can detail
the specific criteria the tool utilizes to generate recommendations and the crite-
ria it cannot consider. Maintaining transparency allows teachers to evaluate the
alignment of the tool’s features with their educational values, make necessary
adjustments, and maintain meaningful control over the use of these tools [11].

Our model contributes to the process of enhancing transparency. For exam-
ple, consider an orchestration tool that identifies a math struggle and recom-
mends an intervention. Our model emphasizes the comprehensive analysis of
possible causes, including a math knowledge gap, technological issues, discrep-
ancy between perception and action, reading/writing deficiencies, and emotional
states. Using this understanding, the tool can provide explanations on the ratio-
nales behind its recommendations, detailing both the factors it considered and
those it did not. This approach allows teachers to have effective control over
deciding about technology’s recommendations. For instance, if the tool identifies
a gap in math knowledge as the root cause of a student’s math struggle and pro-
poses reteaching a math topic, it is crucial for teachers to know that the analysis
may not cover all bases, such as reading/writing skills—another potential factor
contributing to the math struggle. Openly communicating the tool’s limitations
empowers teachers to refine the recommendations based on their own prefer-
ences, knowledge about students, and other unique needs of their classrooms.

Managing Information Overload for Teachers Prior studies have empha-
sized the limited availability of a teacher’s attention during an ongoing class ses-
sion [16, 15]. Researchers have proposed strategies to manage information over-
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load for teachers in Human-AI Co-orchestration, with task automation being a
key approach [4]. Yet, as discussed earlier, granting teachers meaningful control
over such automation requires the enhancement of the tool’s transparency, par-
ticularly through explanations of how the tool works. These explanations could
increase the cognitive load on teachers. Thus, utilizing additional strategies to
manage information overload becomes essential. One approach is filtering ana-
lytics based on ongoing classroom activity [4]. In this study, we detailed typical
in-class activities and teachers’ information needs to manage each of them.

Another strategy involves prioritizing the communication of critical informa-
tion that requires teachers’ prompt attention, with the option to provide details
upon request [4]. Our model suggests initially notifying teachers about critical
events such as math struggles, emotional states, and engagement status. Should
teachers seek further explanations, the tool can present the potential causes be-
hind each event. Based on the teacher’s decision to address an event, the system
can recommend interventions. It may also offer insights into student profiles (e.g.,
personality traits, learning modalities) enabling teachers to tailor and execute
decisions more effectively.

5 Conclusion and Future Work

We developed a conceptual model that identifies the in-class information needs
and usage of grade 3 to 8 math teachers, describing their interconnections and
providing a theoretical basis for the development of classroom orchestration
tools. We suggest the integration of cross-domain analytics, balancing automated
assistance and teacher control by enhancing the tool’s transparency, and man-
aging information overload by effectively filtering and prioritizing the analyt-
ics. We used methods grounded in HCI, including contextual inquiry and focus
groups aiming to support learning analytics communities in designing orchestra-
tion tools that have a meaningful impact on teachers’ classroom practices.

Limitations of our work include observing one classroom per teacher. While
we expanded our insights through interviews and a focus group, future research
should consider longitudinal studies (e.g., an academic semester or year) to gain
a more thorough understanding of in-class practices. A vital element in teachers’
sensemaking and decision-making processes is evaluating the impact of teach-
ers’ interventions on students’ learning [26]. This can inform teachers’ future
decision-making. Future research can investigate the analytics that aid teachers
in evaluating the outcome of their interventions.

Our findings illuminate the diversity of teachers’ information needs and us-
age. Future work should additionally explore privacy concerns in the extensive
collection and analysis of student data [4], striving for a balance between data
comprehensiveness and privacy. Another research direction can be on optimally
presenting this information in LA system interfaces, such as LA dashboards,
maintaining simplicity and glanceability [25].



10.

11

12.

13

14

15

16.

17

14 F. Author et al.

References

1. Ahn, J., Campos, F., Hays, M., DiGiacomo, D.: Designing in context: Reaching
beyond usability in learning analytics dashboard design. Journal of Learning An-
alytics 6(2), 70-85 (2019), https://doi.org/10.18608/jla.2019.62.5

2. Alavi, H.S., Dillenbourg, P.: An ambient awareness tool for supporting supervised
collaborative problem solving. IEEE Transactions on Learning Technologies 5(3),
264-274 (2012). https://doi.org/10.1109/TLT.2012.7

3. Aleven, V., Blankestijn, J., Lawrence, L., Nagashima, T., Taatgen, N.: A dashboard
to support teachers during students’ self-paced ai-supported problem-solving prac-
tice. In: EC-TEL 2022. Springer. https://doi.org/10.1007/978-3-031-16290-9,

. An, P., Holstein, K., d’Anjou, B., Eggen, B., Bakker, S.: The ta framework: Designing
real-time teaching augmentation for k-12 classrooms. In: Proc. SIGCHI Conf. on CHI
’20. p. 1-17. ACM (2020). https://doi.org/10.1145/3313831.3376277

. Braun, V., Clarke, V.: Using thematic analysis in psychology. Qualitative Research in
Psychology 3(2), 77-101 (2006). https://doi.org/10.1191/1478088706qp0630a

. Cavadini, T., Richard, S., Dalla-Libera, N., Gentaz, E.: Emotion knowledge, social

behaviour and locomotor activity predict the mathematic performance in 706 preschool

children. Scientific Reports 11(1) (2021). https://doi.org/10.1038/s41598-021-93706-7

Deininger, M., Daly, S.R., Lee, J.C., Seifert, C.M., Sienko, K.H.: Prototyping for con-

text: exploring stakeholder feedback based on prototype type, stakeholder group and

question type (2019). https://doi.org/10.1007/s00163-019-00317-5

. Dillenbourg, P.: Design for classroom orchestration. Computers Education 69, 485-492
(2013), https://doi.org/10.1016 /j.compedu.2013.04.013

. Echeverria, V., Martinez-Maldonado, R., Shum, S.B., Chiluiza, K., Granda, R.,

Conati, C.: Exploratory versus explanatory visual learning analytics: Driving teach-

ers’ attention through edu. data storytelling. Journal of LA 5(3), 73-97 (2018),

https://doi.org/10.18608/j1a.2018.53.6

Ez-zaouia, M., Lavoué, E.: Emoda: A tutor oriented multimodal and contextual emo-

tional dashboard. In: Proceedings of the 7th Int. Conf. on LAK ’17. p. 429-438. ACM.

https://doi.org/10.1145/3027385.3027434

. Felzmann, H., Fosch-Villaronga, E., Lutz, C., Tamo-Larrieux, A.: Towards trans-

parency by design for artificial intelligence. Science and engineering ethics 26(6), 3333—

3361 (2020). https://doi.org/10.1007/s11948-020-00276-4

Feng, M., Heffernan, N.T.: Towards live informing and automatic analyzing of student

learning: Reporting in assistment system. Journal of Interactive Learning Research

18(2), 207230 (2007), https://www.learntechlib.org/primary /p/22970/

. Hanna, D., David, I., Francisco, B., et al.: Educational research and innovation the
nature of learning using research to inspire practice: Using research to inspire practice.
OECD publishing (2010)

. Holstein, K., Olsen, J.K.: 14. human—ai co-orchestration: the role of artificial intelli-
gence in orchestration. Handbook of AIEd p. 309 (2023)

. Holstein, K., Hong, G., Tegene, M., McLaren, B.M., Aleven, V.: The classroom as a

dashboard: Co-designing wearable cognitive augmentation for k-12 teachers. In: Proc.

LAK ’18. p. 79-88. ACM (2018). https://doi.org/10.1145/3170358.3170377

Holstein, K., McLaren, B.M., Aleven, V.: Intelligent tutors as teachers’ aides: Exploring

teacher needs for real-time analytics in blended classrooms. In: Proc. LAK ’17. p.

257-266. ACM (2017). https://doi.org/10.1145/3027385.3027451

. Holstein, K., McLaren, B.M., Aleven, V.: Co-designing a real-time classroom orchestra-
tion tool to support teacher—ai complementarity. Journal of Learning Analytics 6(2),
27-52 (Jul 2019). https://doi.org/10.18608/j1a.2019.62.3



18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Title Suppressed Due to Excessive Length 15

Jorng, R.L., Gynther, K.: What constitutes an ‘actionable insight’in learning analytics?
Journal of Learning Analytics (2018). https://doi.org/10.18608/j1a.2018.53.13
Kaliisa, R., Gillespie, A., Herodotou, C., Kluge, A., Rienties, B.: Teachers’ Perspec-
tives on the Promises, Needs and Challenges of Learning Analytics Dashboards: In-
sights from Institutions Offering Blended and Distance Learning, pp. 351-370. Springer
(2021). https://doi.org/10.1007/978-3-030-81222-5,6

Koper, R.: An introduction to learning design. In: Learning design: A handbook on
modelling and delivering networked education and training. Springer (2005)

van Leeuween, A., Teasley, S.D., Wise, A.F.: Chapter-13: Teacher and student facing
learning analytics. Handbook of learning analytics (2022)

Martinez-Maldonado, R., Clayphan, A., Yacef, K., Kay, J.: Mtfeedback: Providing no-
tifications to enhance teacher awareness of small group work in the classroom. IEEE
Trans. Learn. Technol. 8(2) (2015). https://doi.org/10.1109/TLT.2014.2365027
Martinez-Maldonado, R., Pardo, A., Mirriahi, N., Yacef, K., Kay, J., Clayphan, A.:
The latux workflow: designing and deploying awareness tools in technology-enabled
learning settings. In: Proc. LAK ’15. ACM. https://doi.org/10.1145/2723576.2723583
Park, Y., Jo, ILH.. Factors that affect the success of learning analyt-
ics dashboards. Educational Technology Research and Development (2019).
https://doi.org/10.1007 /s11423-019-09693-0

Poh, A., Castro, F.E.V., Arroyo, I.: Design principles for teacher dashboards to support
in-class learning. In Proc. of ICLS 2023 . https://doi.org/10.22318/icls2023.197114
Pozdniakov, S., Martinez-Maldonado, R., Singh, S., Khosravi, H., Gasevi¢, D.: Chap-
ter 15: Using learning analytics to support teachers, pp. 322 — 349. Edward Elgar
Publishing (2023). https://doi.org/10.4337/9781800375413.00026

Sanders, E.B.N., Stappers, P.J.: Co-creation and the new landscapes of design. CoDe-
sign 4(1), 5-18 (2008). https://doi.org/10.1080/15710880701875068

Taylor, R.D., Oberle, E., Durlak, J.A., Weissberg, R.P.: Promoting positive youth
development through school-based social and emotional learning interventions: A
meta-analysis of follow-up effects. Child Development 88(4), 1156-1171 (2017).
https://doi.org/10.1111/cdev.12864

Tissenbaum, M., Slotta, J.: Supporting classroom orchestration with real-time feed-
back: A role for teacher dashboards and real-time agents. International Journal of
CSCL 14, 325-351 (2019), https://doi.org/10.1007/s11412-019-09306-1

Tyng, C.M., Amin, H.U., Saad, M.N., Malik, A.S.: The influences of emo-
tion on learning and memory. Frontiers in psychology p. 1454 (2017).
https://doi.org/10.3389/fpsyg.2017.01454

Wise, A.F., Jung, Y.: Teaching with analytics: Towards a situated model of in-
structional decision-making. Journal of Learning Analytics 6(2), 53-69 (2019),
https://doi.org/10.18608/j1a.2019.62.4

Wong, Z.Y., Liem, G.A.D.: Student engagement: Current state of the construct, con-
ceptual refinement, and future research directions. Educational Psychology Review
34(1) (2022). https://doi.org/10.1007/s10648-021-09628-3

Yang, K.B., Echeverria, V., Lu, Z., Mao, H., Holstein, K., Rummel, N., Aleven,
V.: Pair-up: Prototyping human-ai co-orchestration of dynamic transitions between
individual and collaborative learning in the classroom. In: Proc. of CHI 2023.
https://doi.org/10.1145/3544548.3581398

Zhang, Y., Chen, X.. Explainable recommendation: A survey and new per-
spectives. Foundations and Trends® in Information Retrieval 14 (2020).
https://doi.org/10.1561 /1500000066





