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Abstract
This research explores how large language models (LLMs) can be used to synthesize multiple classroom observer
logs to better understand learners’ cyber-physical reflective learning processes in an electronics experiment
class. In hands-on engineering contexts, learning unfolds through interactions across physical components (e.g.,
breadboards, components, wires), digital applications, and social exchanges with peers and guidance from the
instructor and the teaching assistants. While observer logs provide rich qualitative accounts of these processes,
integrating multiple perspectives into a coherent analytical representation remains challenging. To address this
gap, we conducted a pilot study in an undergraduate electronics laboratory where 4 observers recorded structured
and unstructured logs of student activities, including interactions with equipment, peers, and instructional
materials. We explored different LLM-based pipelines to aggregate, align, and synthesize these heterogeneous
logs into temporally organized narratives and analytically meaningful segments. The paper compares 4 LLM
interaction approaches that focus on providing context to create learning analytics artifacts aimed at enabling the
instructor, as a user, to identify key phases in the learning process and take orchestration decisions. Preliminary
findings suggest that changing prompting approaches synthesized different data ingestion methods within the
model and produced artifacts that are difficult to capture in a single-observer analysis. In particular, the method
highlights that defining context for learning analytics in the prompt lies in a spectrum from being implicit and
offloading all the decisions to the LMM to being explicit about roles and rubrics that the LLM can then use to
process the data. The study contributes a novel methodological approach for multimodal learning analytics. and
offers insights into its utility for understanding the design of cyber-physical learning environments that better
support reflective practice. Current limitations and future directions are discussed.
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1. Introduction

Laboratory classes are central to learning in many engineering domains, as they provide students
with opportunities to engage directly with physical systems while applying conceptual knowledge. In
electronics experiment classes in particular, students are required to identify components, assemble and
test circuits, analyze connections, and iteratively troubleshoot and refine their designs. At the same time,
these activities are increasingly mediated by digital tools, such as simulation environments, measurement
interfaces, and data acquisition systems, which provide real-time feedback and support analysis. As a
result, learning in such environments unfolds across intertwined physical and cyber spaces, requiring
students to coordinate actions, interpretations, and decisions across multiple modalities. In addition,
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laboratory learning is inherently social: students collaborate with peers, consult instructors and teaching
assistants, and engage in shared problem-solving processes. These layers of interaction—physical, digital,
and social—collectively shape the learning experience and influence how students achieve the intended
learning objectives in practical classes.

Capturing these complex, multimodal learning processes poses significant methodological challenges.
While digital traces from learning management systems or specialized software can provide detailed
logs of learner interactions, they are inherently limited to activities performed within those systems
[1]. Conversely, physical actions can be recorded using video-based approaches, including multimodal
learning analytics setups; however, such methods often require carefully controlled environments to
avoid occlusion and ensure data quality [2]. Human observation remains a flexible and context-sensitive
approach for capturing rich classroom activity, particularly in dynamic settings where learners move
between tools, spaces, and interactions [3]. To mitigate observer bias and cognitive overload, structured
observation protocols are often employed, enabling observers to focus on predefined aspects of activity
while maintaining consistency across observations [4]. Nevertheless, human observation is inherently
selective and constrained by the observer’s attention, perspective, and interpretation.

These challenges are further amplified in multi-observer settings, where multiple individuals docu-
ment classroom activity simultaneously. While such approaches can increase coverage and provide
complementary perspectives, they introduce new complexities in data integration and analysis. Ob-
server logs may vary in granularity, focus, and completeness, leading to sparsity and fragmentation in
the data. Observers may also experience tension between adhering strictly to observation protocols
and capturing emergent, unexpected phenomena that appear pedagogically significant. Moreover, the
purpose of analysis can diverge: on one hand, researchers may seek to understand the underlying
learning processes and interaction patterns; on the other, instructors may require synthesized insights
to inform real-time or post-hoc orchestration of the class [5]. Consequently, transforming multiple,
heterogeneous observer logs into a coherent and actionable representation of classroom activity remains
a non-trivial challenge.

To address this gap, this study adopts a design-based research approach [6] to investigate how class-
room interactions (amongst learner, peer, devices, teaching assistants) can be captured and synthesized
in an electronics experiment class. As a pilot study, our primary aim is to explore the practical and
analytical needs that arise when attempting to document and interpret cyber-physical reflective learning
processes in authentic classroom settings. Specifically, we examine how multiple observer logs can
be integrated using Large Language Models (LLMs) to provide a holistic understanding of learners’
interactions across physical, digital, and social dimensions.

The research is guided by the following question: What are the approaches to utilize LLMs to synthesize
multiple classroom observer logs for analyzing learning processes in an electronics experiment class?

By addressing this question, the study seeks to contribute methodological insights into multimodal
learning analytics and to inform the design of LLM interaction approaches that support both research-
oriented analysis and classroom orchestration.

2. Pilot Study

The pilot observation was conducted in a public university in East Asia, involving third-year under-
graduate students enrolled in an interdisciplinary data science program. The study took place during
an introductory electronics laboratory session, which is part of a newly established course. The session
lasted three hours, with 19 out of the 20 registered students in attendance. The class was facilitated by
one instructor, supported by one technical assistant and two teaching assistants. This session followed
an initial lecture-based introduction, making it the second meeting in the course sequence.

During the laboratory session, students engaged in hands-on activities integrating both physical
circuit construction and digital interaction through microcontroller programming. After successfully
establishing a connection between the Arduino board and their personal computers via a USB interface,
students were assigned three sequential tasks: 1. Constructing a voltage divider circuit to control the



blinking of an LED light. 2. Building a variable resistor circuit to explore adjustable input values. 3.
Developing an analog joystick interface to capture and interpret input signals.

Each task was accompanied by structured instructional scaffolds designed to guide students through
the assembly and programming processes. Following these guided steps, students were required to
complete exploratory exercises, interpret the results, and document their findings in a lab report. These
activities required students to coordinate physical manipulation of components, interpretation of digital
feedback, and iterative problem-solving, thereby exemplifying a cyber-physical learning environment.

As this was the first year the laboratory course was implemented, the instructor expressed a need
to better understand classroom dynamics, including student engagement, collaboration patterns, and
points of difficulty. Consequently, an observation-based data collection approach was adopted to
capture rich, in-situ information about the learning process and to inform future instructional design
and orchestration decisions.

An initial observation protocol was developed collaboratively by the four observers involved in
the study. The protocol design drew on established frameworks from prior research. Specifically, a
making-oriented design framework [7] was adapted to categorize observations related to electronic
making practices, reflecting the embodied and iterative nature of the tasks. To capture collaborative
interactions, dimensions for assessing the quality of collaboration in dyadic settings were incorporated,
based on established work in computer-supported collaborative learning (CSCL) [8] .

The resulting observation protocol was implemented through an online platform to facilitate real-time
data entry by observers. Two versions of the protocol were developed: a comprehensive version (P1),
which included detailed categorical and descriptive fields, and a simplified version (P2), designed to
reduce observer cognitive load while maintaining essential data capture. Figure 1 illustrates the interface
elements included in both protocol versions and the structure of the sample log data. Table 1 provides
the details of the observers and the data collected.

Figure 1: Observation recording interface

2.1. User Goals

Based on the instructor’s need we formulated two goals to determine the usefulness of the artifacts
created by LLM from the synthesis of the observation data:



Table 1
Details of Observers and Data Collected

Observer Data Collection detail Comments

Observer 1
(Ph.D. student) Used Protocol 1 (P1) for all tasks (T1-3) 817 logs with P1
Observer 2

(Ph.D. student) Used free notes for all tasks 77 event logs
Observer 3

(Post-doc Researcher) Used P1 for T1 and P2 for T2,T3 618 logs with P1
189 logs with P2

Observer 4
(Faculty member) P1 for T1 and P2 for T2,T3 and class timeline 831 logs

1. Understanding the learning process during the collaborative circuit building task: This goal include
aspects like nature of collaboration, student engagement, topics that students struggled with, etc.
relevant for determining how students are learning during the lecture.

2. Assistance in orchestrating the lecture sessions with collaborative task: This includes the information
on the task components that assist the instructor in orchestrating lecture sessions, such as, time
spent by students in different task phases, learner interaction dynamics, students’ task progress,
usage of task materials, etc.

3. LLM Interaction Approaches and Designed Analytics Artifacts

We define the LLM interactions for creating the analytics artifacts using the human-LLM interaction
taxonomy suggested by Gao et al. [9], which consists of four phases, namely: Planning, Facilitating,
Iterating, and Testing. Additionally, we scoped our interactions to the context-based interaction mode
to align the LLMs output with the user goals. For our artifact creating approaches, these phases are
operationalized as follows:

• Planning phase entails the information or instructions given to create the artifact, which can
include log files, instructions on the ‘look and feel’ of the artifact to suit the instructor, etc.

• Facilitating phase involves the use of refined prompts and evaluating the suggestions given by
the LLM in order to achieve the goals, which is to generate meaningful artifact for the instructor.

• Iteration phase includes the prompts that are oriented to adjust outputs, such as any hallucinated
information that may interfere with the data interpretation, interface related changes, and so on

• Testing phase, includes generation and evaluation of multiple variations for the given prompts,
such as changes in color scheme, composition, writing style, etc.

Context inputs, which range from simple textual information to complex data files, grounds the
instructions given to the LLM [9]. For the present study, the context is composed of four parts, which
are: a) The manner in which the observation log files are input, b) Descriptors of (or related to) the uploaded
files, c) Output constraints or specification, and d) Data interpretation rules for the synthesis. We illustrate
four approaches with varied formation of implicit contexts, summarized in Figure 2.

3.1. Offloading artifact creation with minimal specified constraints (Approach 1)

In approach 1, all observation log files were provided to the LLM at once, and the data descriptor is
specified in the form of location information (“the three attached files are of the same classroom...”), and
the output constraint is specified in terms of the output type (“I want to produce a visual artifact from
this”) in the prompt. No additional information related to how to interpret the data was provided. The
text prompt input for the LLM was: “All these three data from the three attached files are of the same
classroom, I want to produce a visual artifact from this for the instructor such that they can use it to make
some sense”, and Figure 3 shows the output.



Figure 2: Approaches of prompting in this study

Figure 3: Sample English report generated by vision model ChatGPT v5.5, using approach 1.

3.2. Artifact creation with user specified constraints (Approach 2)

In this approach, observation log files and data descriptor was similar to the previous approach, with
an explicit output constraint specified using an image (see Figure 4 (b)). The input image provides a
schematic of the visual elements for depicting the lecture events and classroom interactions. The goal
here was to support instructors in visually interpreting classroom activity data in a meaningful way,
though rules related to interpreting the data was not provided. The final artifact is shown in Figure 4(b),
which was obtained after multiple iterations required for fixing the visualization and the interactive
behavior of the dashboard.



Figure 4: a) Cropped screenshot indicating the prompt text with uploaded log files and an image in the LLM
platform, b) Schematic image to constraint the output by indicating structure of the data visualization, c)
Dashboard visualization panel created by the LLM.

3.3. Artifact creation with progressive data input with descriptors, constraints, and
interpretation rules (Approach 3)

Building on the previous approach, here the observation log files are input progressively for the LLM’s
context. The prompt corresponding to each file includes detailed data descriptors specifying the variable
descriptions and logging procedure, e.g., “...They used a web-based tool to log the data. clicked is when
the element was clicked and timespend denotes the time when it was closed, giving us the total time
for the activity described by the element. Answered is the text entry for a given element”. The output
constraint was specified in the form of file format (HTML), additionally, instructions on including
learning framework for data interpretation was specified in the prompt, e.g. “...include a learning
framework that best describes the data”. Figure 5 shows the output artifact.

3.4. Artifact creation with all data input with descriptors, constraints, and
interpretation rules (Approach 4)

This approach resembles Approach 3, but differs in the data input method (which in this case is similar
to approaches 1 and 2). Additionally, instructions on using specific learning theories (Vygotsky’s Zone
of Proximal Development (ZPD) [10] and Kolb’s Experiential Learning Cycle (ELC) [11]) to interpret
the data was the part of the interpretation rule. Figure 6 shows the data visualizations from the artifact
that integrates the specified learning theories. During the generation of the artifact the context window
for the agent was not exhausted during the run.

4. Discussion and Conclusion

4.1. User goals and methods for observing in-class activities

This study set out to explore how multiple classroom observer logs can be synthesized using large lan-
guage models (LLMs) to better understand cyber-physical reflective learning processes in an electronics
experiment class.

Prior work on engineering class observation focused on learning behaviors of students across
phases of active learning in introductory computer science class [12], college students’ learning with
multiple devices [13] and electronics lab activities in the African socio-educational cultural context[14]
. Observations in engineering classroom often had structure and protocols [15] for precise collection of



Figure 5: Artifact incorporating learning theory to interpret observation logs

evidence. Tools for classroom observation were also proposed earlier [16]. However with the collected
data reanalysis to understand another construct is difficult. For an exploratory study to understand the
dynamics observers need to be more flexible to capture various things happening during the activity,
but compiling remains challenging. The findings from this pilot highlight both the promise and the
complexity of leveraging LLMs within learning analytics workflows, particularly in contexts where
data is heterogeneous, partial, and grounded in human interpretation.

4.2. Utility of LLM-generated learning analytics artifacts

Artifact creation with minimal context specifications resulted in creation of a report with multiple
information segments that provided information on the session summary and task flow, aggregate
patterns related to the collaboration, interactions with the artifact and common activities. Additionally,
this approach also synthesized the ‘instructor takeaways’ that was a condensed qualitative summary
of the session, and ‘possible next step’, which was a recommendation for trying out a suggested
orchestration strategy (see Figure 3). This synthesis servers the user goal of assisting instructor with the
orchestration, as the information such as the task flow, session summary, common student activities, etc.
could help with the reflections of the current lecture, and suggestions (takeaways and next-steps) could
provoke them to try new strategies in their future sessions. The assistance with the interpretation of
classroom learning was minimal as the only synthesis directly relevant was related to the collaboration
patterns and that too was present perhaps due to the nature of the observation data from protocol 1.

Providing output constraint in the context positively affects the interpretability, as the output follows
the visualization structure suggested by the user. For instance in this approach the representation of
the lecture as event segment blocks, and the interaction information using connectors between the
entity symbols and the frequency using the connector line strength. Moreover, upon mouse hover over
the links or the entities, the instructor can get additional information of the corresponding data items
in the observation. This approach will allow the instructor to understand the multiple artifact usage



Figure 6: Artifact with data visualizations created based on Kolbe’s cycle and recommendations for lecture
orchestration.

pattern, device usage, and in general the learning artifact ecology [13] for the student groups that could
assist in the learning design.

By explicitly stating to interpret the observation log data using theories of learning in approach 3
produces the artifact that accomplishes both user goals, i.e., of understanding the learning process, and
assistance in lecture orchestration (to a certain extent). In this instance the LLM selects the learning
theory that best fits the data based on self-reasoning, thus generating visualization grounded in theory.

Similarly, artifact created using approach 4 encapsulates all the elements from the previous approaches
extended to all observation logs. It provides synthesis based on the specified learning theory (Kolb’s
learning cycle in this case), and recommendations related to the lecture orchestration that are grounded
in the this theory thereby accomplishing both user goals. For both of these approaches (3 and 4), we
noticed LLM’s tendency to ignore the data which does not fit the given interpretation rules. Additionally,



these approaches also revealed a limitation related to hallucination. For instance, as shown in Figure
5, the stacked bar chart (in box no. 3) of different interaction types. While the first three categories
(Physical, Digital, Human) were grounded in the observation log data, the category ‘Notes’ was generated
to represent information inferred from the observer notes.

4.3. Emerging spectrum of prompting learning context for LLMs

A central contribution of this work is the articulation of a context declaration spectrum when harnessing
LLMs for learning analytics. Building on context-based prompting approaches [9], our study shows that
providing raw observational data alone is insufficient to ensure meaningful synthesis. In exploratory
classroom observations, even when structured protocols are used, the collected data varies in granularity,
focus, and completeness. As a result, the context of the learning episode—including task structure,
pedagogical intent, and situational nuances—may remain only partially represented in the input to the
LLM.

We conceptualize this challenge as a spectrum ranging from explicit context declaration (where
users clearly define task structure, roles, analytical goals and declare protocols to synthesise) to implicit
context reliance (where the model is expected to infer context from fragmented inputs). The five
approaches explored in this study largely reside toward the implicit end of this spectrum, demonstrating
that while LLMs can generate coherent narratives and identify patterns, their outputs are shaped
significantly by how context is framed—or left unspecified—by the user. This has important implications
for the design of LLM-supported analytics pipelines: effective use requires not only data preparation
but also deliberate articulation of context and analytical intent.

At the same time, the study reveals practical tensions between exploratory observation and structured
analysis. Observers must balance adherence to protocols with responsiveness to emergent classroom
phenomena, leading to variability in the captured data. LLMs offer a mechanism to bridge these
fragmented perspectives, but their effectiveness depends on how well these variations are reconciled
during prompting and synthesis. This reinforces the need for hybrid approaches that combine human
sensemaking with machine-supported aggregation.

4.4. Current limitations and future directions

We acknowledge several limitations in the pilot study. First, it was conducted in a single classroom
setting with a relatively small number of participants, which limits the generalizability of the findings.
Second, the approaches explored relied on advanced reasoning-capable LLMs, which may not be readily
accessible to many instructors due to cost, technical barriers, or institutional constraints. This raises
concerns about the scalability and equity of such approaches in broader educational contexts. Third, the
study focused primarily on methodological exploration rather than systematic evaluation of accuracy
or reliability of the synthesized outputs.

Several avenues for future research emerge from this work. First, further investigation is needed into
how different LLMs—and different configurations of the same model—affect the consistency and validity
of synthesized learning analytics outputs, particularly in relation to hallucination and inference biases.
Second, user-related factors such as prompting strategies, domain expertise, and familiarity with LLM
interaction paradigms are likely to influence outcomes; systematic studies comparing these variations
would provide valuable insights. Third, the role of interface affordances (e.g., differences between
environments such as code-based interfaces and conversational agents) warrants closer examination, as
these shape how users construct and refine prompts.

Finally, future work should explore methods for more structured context encoding, potentially
through semi-automated pipelines that integrate observation protocols, metadata annotation, and LLM
prompting. Such approaches could help move along the context declaration spectrum toward more
explicit and reproducible analytical practices. By addressing these challenges, LLM-supported synthesis
has the potential to become a powerful tool for understanding complex, multimodal learning processes
and informing the design of cyber-physical learning environments.
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