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Education researchers increasingly analyze heterogeneous, multimodal data with computational tools. Yet,
reporting rarely makes explicit who (human or computer) leads meaning-making at different points in the
analysis. We introduce a framework for analytic agency that distinguishes three stages, exploration, interpre-
tation, and confirmation, and classifies each as primarily human- or computer-led, as considering stage-level
leadership can clarify assumptions in analysis. We demonstrate the framework in a multimodal case study of
teacher—student group interactions in high school mathematics classrooms. Using 15 classroom videos from
three teachers, we selected 21 student groups and developed a pose-based detector that flags interactions. The
pipeline aligned group-level audio and word-level transcripts to each detected window and computed acous-
tic/prosodic features and large-language-model indicators for question-asking, confusion, help-seeking, and
math talk. Across the corpus, the detector surfaced 317 interaction events (M = 15.10 per group, SD = 12.42;
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mean duration = 32.73s). We compared before, during, and after segments using paired tests and mixed-
effects models. Naturally, results for mixed-effects models showed significant shifts in keypoints before-to-
during and before-to-after for those emphasized in the detection approach, while audio features showed no
significant changes. One transcript indicator, confusion, decreased after interactions (f = —0.061, p = .049).
The pipeline showed preferences for spatial co-presence rather than interaction discourse change, which il-
lustrates how leadership in exploration shaped what became detectable and, consequently, how interpretation
proceeded. In the paper’s conclusion, we outline hybrid, iterative variants and discuss limitations. Making
stage-level agency explicit can help researchers align methodological choices with theoretical aims and pro-
duce more transparent, auditable analyses of complex classroom data.

Keywords: classroom video data, student group interactions, hybrid analysis, computational grounded theory

1. INTRODUCTION

Increasingly, education researchers are creating, mixing, and employing research methods in
ways as diverse as the data they are analyzing (Romero & Ventura, 2020; Yoon & Hmelo-Silver,
2017), and this methodological diversity requires a greater emphasis on making analytical
choices transparent and defensible (Bergner et al., 2018). The challenge of analytic agency (i.e.,
the primary source of inquiry or decision-making) is rooted in the diversity of the student data,
as researchers regularly contend with different modalities such as written classroom artifacts,
video, audio, or action logs (e.g., Cohn et al., 2024; Gabbay & Cohen, 2022) from a variety of
contexts, including in-person classrooms, online, or immersive learning environments (e.g., vir-
tual reality, educational games; Mejia-Domenzain et al., 2024; Shute, 2011). Further increasing
the complexity are the granularity and scale of these data, which can range from fine-grained
physiological sensor readings and computer logs to massive datasets generated by thousands of
students (e.g., Mills et al., 2021; Choi et al., 2020).

Online learning and other computer-based learning environments can collect student action
log data, or abstracted, system-level traces (e.g., clicks, submissions), which represent student
interactions with the system. These log data sources are common in educational data mining and
related fields, as their quantitative nature is often a natural fit for computational methods and
machine learning models to predict and understand student outcomes and behaviors. Insights
derived from these analyses are often the basis of the underlying mechanisms of intelligent tu-
toring systems, which can automatically personalize and adapt individual learning experiences,
and are perhaps the most well-known and strongly validated form of Al in education (D’Mello
& Graesser, 2023). Moreover, a survey of methods in the field has found that most traditional
data mining techniques, such as classification, clustering, and prediction, have been maturely
and successfully applied in education (Romero & Ventura, 2020). Yet, the perceived objectivity
and the reliance on these computational pipelines make the call for transparent and defensible
methods more crucial to discuss (e.g., Baker et al., 2024; Bergner et al., 2018), as the re-
searcher’s own analytical choices and assumptions become simultaneously more influential and
less immediately apparent. While computational methods can identify patterns at scale, there is
value in due diligence from the researcher to be aware of the implications of the methodological
choices carried out by non-human-driven decisions, as not doing so can move the researcher
further away from the benefits of human-guided processes of inquiry, such as grounded theory,
which have long been regarded as a way to add human context to the meaning of findings (Char-
maz, 2014).
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Computational research pipelines can create a second, unexamined “black box”, which is not
just around the Al models and computational tools, but around the researcher’s own interpretive
inquiry process (Wenskovitch & North, 2020). This issue is beyond a lack of consistent report-
ing practices; rather, it is a communication challenge between two distinct learning entities.
While a researcher operates with high-level theoretical constructs, evolving goals, and rich do-
main and contextual knowledge, computational tools operate on low-level statistical features
and mathematical formulas. This creates a juxtaposition where a researcher may decide on
purely computational or purely qualitative approaches, or, in cases of mixed methods, choose to
combine approaches in the absence of many established perspectives. As a result, the re-
searcher’s judgments, such as which features to engineer from theory, how to label an
ambiguous data point, or when to discard an overfitted model that is accurate but theoretically
irrelevant, are treated as static configurations or external commands, rather than as dynamic,
meaningful signals the system could learn from. There is thus a need for discussions about hu-
man-led or computer-led decision-making in various analytical processes in research.

The lack of a common language to describe the researcher’s role can lead to what seems to
be a false dichotomy between what are perceived as human-driven qualitative methods and au-
tomated computational ones. In practice, this distinction is rarely straightforward. Machine
learning pipelines are guided by human theoretical choices, while qualitative analyses are often
facilitated, at least in part, by computational tools. The issue, therefore, is not a failure to choose
the right paradigm, but the absence of a shared vocabulary to describe the internal sequence of
human-led and computer-led steps within a given method. Without this vocabulary, researchers
cannot easily compare the point of analytical agency across different approaches, nor can they
be transparent about where their own judgments shaped the analysis versus where computational
tools took the lead.

In this paper, we introduce a framework that provides this necessary vocabulary, which we
propose could lead to a more precise and transparent discussion of methodological design. We
distinguish the data analysis process into three stages: (1) exploration, (2) interpretation, and (3)
confirmation, and propose classifying methods based on whether each stage is primarily human-
led or computer-led. This simple typology allows us to consider the entity that more heavily
influences the goals in the steps across various methods within a common language. Our frame-
work clarifies how hybrid methods like computational grounded theory (Nelson, 2020) create
human—computer partnerships of inquiry that effectively delegate primary decision-making in-
fluence on the human researcher or automated computational tools based on the stage of data
analysis. We demonstrate this framework through a case study using audio and video data of
high school mathematics classrooms to identify and explore teacher—student group interactions.
By way of describing and discussing the case study and its results, we convey the importance of
being conscious of the analytical leadership of humans and computational tools (including Al)
for data exploration and interpretation. Although human judgment occurred, we show that these
stages in the case study were in practice, computer-led, as the computational outputs and tool
defaults established the effective decision boundaries. We contribute to educational data mining
by proposing a simple framework for making analytic agency explicit across common data anal-
ysis stages, and by demonstrating its use through a multimodal pipeline for detecting and
analyzing teacher—student group interactions in classroom video data. This led to the central
framing question of our study:

How can a framework that distinguishes between human-led and computer-led stages of

analysis help researchers more deliberately and transparently navigate the design of meth-
odological approaches?
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The rest of the paper is organized as follows. The next section introduces our simple analytics
agency framework classified across exploration, interpretation, and confirmation, then proceeds
to background sections which provide context to the discussions in the related frameworks
around analytics workflows and agency, including human-in-the-loop (HITL) and computa-
tional grounded theory, and covers the multimodal classroom data research and tools about the
computational research landscape for our case study. This will be followed by the methods sec-
tion to describe our data, feature extraction, and data processing, as well as our approach to
teacher—student group detection. In the results section, we describe the findings of our computer-
led data analysis. Within the discussion, we revisit the simple typology as a table with common
research methods, and we reflect on the case study within the framework, as well as a thought
experiment about various counterfactual analytical leadership scenarios (e.g., human-led explo-
ration, computer-led interpretation) to understand how it can bring about hidden assumptions
about analytics agency. Lastly, we conclude with a summary of our limitations and a discussion
of future directions. In sum, we intend our case study to be one example within the framework
and not necessarily the “correct” way or a method recommendation for sensemaking or inquiry
regarding classroom video analysis, but to be viewed as an example for researchers to be more
deliberate about and aware of where analytical agency lies when working with Al and other
computational tools.

1.1. OVERVIEW OF THE ANALYTICS AGENCY FRAMEWORK

We propose a simple framework for analytic agency that treats data analysis as proceeding
through three stages: exploration (how data exist, and are transformed or selected), interpretation
(how patterns are made sense of, labelled, or theorized), and confirmation (how findings are
tested, validated, or generalized). For each stage, we focus on stage leadership, whether the
consequential decision-making lies with the human researcher or with computational tools. In
other words, the framework asks, at each stage, who or what most strongly shapes which ques-
tions are asked, which patterns are noticed, and which results are treated as meaningful.

To make these lenses concrete, we can classify analytic workflows by who (human or com-
puter) leads each of the three stages of data analysis: exploration, interpretation, and
confirmation. We have situated common methods and our case study (in the last row) within
that space in Table 1. The entries are not prescriptive; we have placed them based on the default
locus of decision-making most practitioners would recognize. We use “N/A” where a stage is
typically not formalized in the method, and “None” where interpretation is effectively out-
sourced (e.g., to pre-existing labels) rather than performed within the pipeline. Reading methods
this way turns positionality into specific, stage leadership choices that can be named and com-
pared.

Table 1: Classifying common methods via human-led and computer-led stages of analysis. Note

that Human and Computer labels mean primarily led by that entity, rather than necessarily with-
out any contribution from the other.
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Exploration | Interpretation | Confirmation | Method

Human N/A Computer Statistical hypothesis testing

Human Human N/A Qualitative analysis

Computer None Computer Supervised machine learning

Computer Human N/A Unsupervised machine learning

Computer Human Computer Computational grounded theory

Human Computer N/A Manual coding with computer-assisted
descriptive summaries

Computer Computer N/A Our presented case study

We return to this table in our discussion, when interpreting our case study results and con-
sidering counterfactual case study designs (e.g., human-led exploration with computer-led
interpretation) to illustrate how different leadership choices could produce different forms of
evidence and insight from the same data.

1.2.  ANALYTIC WORKFLOWS AND AGENCY: HITL/INTERACTIVE ML TO COMPUTA-
TIONAL GROUNDED THEORY

Work on human—AlI collaboration in education has largely shown how people can be inserted
into computational pipelines, through labeling, feature construction, or post-hoc interpretation,
without explicitly naming who leads meaning-making at different points in the analysis (Lin &
Koedinger, 2017; Gonzalez-Brenes & Mostow, 2012). In our work, we use analytic agency to
refer to the entity (human or computer) that primarily sets goals and makes consequential
choices within a stage of analysis. Emphasizing agency aligns with calls in computational re-
search for transparency about analytic choices and their assumptions (Ouhaichi et al., 2024;
Bergner et al., 2018; Baker et al., 2024) and with concerns that mixed-modal, large-scale data
can obscure where interpretation occurs (Ochoa & Worsley, 2016).

Human-in-the-loop (HITL) and interactive machine learning place opportunities for human
involvement inside computer-heavy workflows (e.g., Lu et al., 2024, Dragut et al., 2021). Often,
points for human involvement include curating and labeling data, engineering features from
theory, steering models (e.g., constraints, hyperparameters), and using explainable-Al tools to
interrogate model behavior. These approaches improve practicality and reliability in learning
analytics, where domain knowledge matters (e.g., Venkatesha et al., 2025; Rajarathinam et al.,
2025). However, the emphasis is on interaction opportunities rather than stage leadership. We
refer to stage leadership when we talk about which entity effectively leads a specific stage (ex-
ploration, interpretation, or confirmation) by shaping what questions are asked, what patterns
are observed, and which results are treated as consequential. If algorithmic defaults determine
what is surfaced during exploration (e.g., which segments, clusters, or features are even consid-
ered), later human labeling or explanation occurs within a machine-defined space (Sandvig,
2014).

Computational grounded theory (CGT) makes the division of labor more explicit by assign-
ing large-scale pattern finding to computation and theory building/refinement to researchers,
typically via an iterative cycle of pattern finding — pattern refinement — validation (Nelson,
2020). CGT has enabled qualitative inquiry at scale (especially for text) while keeping human
interpretation central (Salvi & Bosch, 2025). Yet, leadership is often implied. Preprocessing and
clustering criteria underlying computational processing constrain what becomes available for
human theorizing. In our paper, we adopt three stages common to most empirical studies —
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exploration, interpretation, and confirmation — and treat each stage as primarily human- or com-
puter-led, to make leadership comparable across methods.

1.3. MULTIMODAL LEARNING ANALYTICS FOR CLASSROOM EVENT DETECTION

Recent advances in computer vision and speech processing have made it possible to determine
classroom behaviors and events at scale using video and audio data. Off-the-shelf pose estima-
tion can extract these characteristics from video, such as OpenPose or VIBE (Cao et al., 2021;
Kocabas et al., 2020), and modern automatic speech recognition can produce clean transcripts
from audio recordings (e.g., Radford et al., 2023; Bredin et al., 2020). Additionally, audio pro-
cessing tools can analyze prosody and voice quality over time (Boersma & Van Heuven, 2001;
Eyben et al., 2010). These tools provide low-level representations that are well-suited for explo-
ration of their original data. Our goal in the present work is to leverage this maturity for event
detection and to keep the pipeline methodologically meaningful.

Movement signals are highly informative for learning research. Pose information, for in-
stance, can be used to infer student engagement levels by analyzing body posture and orientation
(Zhao et al., 2021; Vieira et al., 2021). Furthermore, finer-grained analyses of gestures and shifts
in posture can signal key pedagogical moments, such as when a student or teacher is explaining
their reasoning about mathematics (Alibali & Nathan, 2012). While real-world classroom data
presents challenges, such as students obscuring one another, tracking key body points within
defined group areas can provide stable data for analysis. This has allowed for the development
of methods to flag moments of potential interest for researchers, such as with EduSense (Ahuja
et al., 2019).

Speech can provide another layer of data to classroom learning contexts by capturing the
content and delivery of classroom talk. For example, automated transcripts have been used in
large-scale analysis of texts to understand and be used for creating better instructional support
(Whitehill & LoCasale-Crouch, 2023). Beyond the words themselves, non-semantic acoustic
features like pitch, volume, and the rhythm of speech have been used to determine student en-
gagement, confidence, or uncertainty (Singh et al., 2025; Kumar et al., 2024; Frankel &
Brownstein, 2016). In our paper, we combine these three modalities to develop a computational
pipeline to automatically detect and analyze teacher-student group interactions in real-world
classroom settings.

2. METHOD

Our case study focused on essential moments for understanding responsive pedagogy: the inter-
actions that occur when a teacher moves between small student groups. These improvised,
dynamic interactions are a staple in classroom learning, and teachers often employ proactive
classroom management strategies to most effectively determine how and which student groups
to support (Kaendler et al., 2015). We viewed them as an ideal site for methodological inquiry
as they are rich with verbal and non-verbal cues such as gestures and useful for understanding
learning, but are challenging to study systematically at scale (Gonzales et al., 2019). In this
section, we describe the methods used in our case study to identify and analyze teacher—student
group interactions in classroom video data. We describe our data, the pose and audio feature
extraction, our teacher—group interaction detection method, statistical analysis of the computa-
tionally determined clips, and a qualitative assessment of the clips based on understanding
student group gaze.
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2.1. CLASSROOM VIDEO DATA AND GROUP-LEVEL AUDIO DATA

The data were collected for a research project that took place in 2013 and 2014 in high school
mathematics classrooms in the United States. The goal of the research project was to understand
high school mathematics teachers’ pedagogical practices and to consider analyzing footage cap-
tured via point-of-view camera angles. Additionally, fixed-angle cameras were placed at various
corners, typically at the front of the room, to capture the full classroom, including student inter-
actions with the teacher as well as with each other. These fixed-angle videos were recorded in
1080p (1920x1080 pixels) resolution at 30 frames per second, and depending on the camera
used for the capture, the videos had 120-degree and 130-degree fields of view. A total of 15 of
these roughly 90-minute classroom videos (examples in Figure 1) were included for our analysis
across three cl\ifferent teachers: six for Teacher 1, ﬁv? for Teacher 2, and fouyrrfor Teacher 3.

.

Figure 1: Example classrooms from the 15 mathematics videos analyzed.

All classrooms in the videos had students seated in small groups of mostly three or four
students, though some attendance variations led to some groups having only two students. We
selected 21 student groups from the 15 classroom videos based on preliminary analysis of watch-
ing clips throughout points within the class period. Specifically, we selected student groups that
were mostly unobscured by other non-group individuals or classroom furniture and discrete (i.e.,
having relative separation from other groups). All student groups selected for our analysis had
a minimum of three students.

While audio data were captured from the cameras’ microphones, more precise group-level
audio were also captured by a dedicated audio recorder placed at the center of each of the small
group tables. As these recorders were placed closer in proximity to the student group individuals,
the resulting audio were able to capture clearer voices and conversations of the group during the
class period. Ambient and nearby noises (e.g., non-target group conversations) were inevitably
picked up by these microphones but were minimized compared to the cameras’ microphones.

2.2. POSE AND AUDIO FEATURE EXTRACTION

We carried out feature extraction processes to obtain three low-level characteristics from the
data: pose information, acoustic (i.e., physical properties such as energy or pitch), and prosodic
(i.e., thythmic properties such as stress and contour) audio feature representations, and audio
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conversation transcripts. To obtain pose information, we first processed all videos using Open-
Pose (Cao et al., 2021), an open-source computer vision tool that extracts detected individuals’
skeletal low-level pose information in the form of ordered keypoints at the videos’ frame-level.
In other words, each frame in the video is independently analyzed by OpenPose to detect and
estimate the individuals’ pose orientations, which OpenPose can output as a JSON file with
frame numbers and those detected individuals’ keypoints as X and Y coordinate values on the
video’s resolution. While OpenPose offers a few configuration options to change the keypoint
granularity (e.g., 15, 18, 25 body keypoints, 70 face keypoints), we chose the 25-keypoint body
configuration to maintain a balance between meaningful granularity of body poses and exclud-
ing extraneous keypoints, such as detailed face keypoints, which were infeasible due to the
individuals’ distance from the camera.

OpenPose does not have functionality to track the detected individuals between the frames,
1.e., to determine whether a person detected in a particular position is the same person detected
in a similar position in the next frame. Thus, we applied a previously developed open-source
postprocessing method based on calculating Euclidean distance of the keypoint values to deter-
mine closest matches (Hur & Bosch, 2022). This process results in assigning IDs to the raw
keypoints, allowing us to track the individuals over time. A core feature of this postprocessing
process allows for designating the boundary box region of the group of interest via four values:
Xieft, Ytops Xright, and Ypotom. We used coordinate pixel values within the video resolution
(1920x%1080) to determine appropriate boundaries around the target group, while attempting to
minimize other individuals within it to reduce noise in the data. By outlining the target group
through this process (e.g., Figure 2), we were able to restrict and consider the data of each target
group. Nine student groups were selected from Teacher 1’s videos, seven from Teacher 2, and
five from Teacher 3.

Figure 2: Example visualizations of the boundary box regions in yellow to track and restrict the
pose data to that of the target student group.

To process audio data, we used openSMILE (Eyben et al., 2010), which is an open-source
project that extracts a wide range of features for audio signals. For our analysis, we used the
extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) configuration (Eyben et al.,
2016). This feature set was selected as it provided a standardized and compact summary of
acoustic (e.g., loudness, shimmer) and prosodic (e.g., contour, speech rate) information relevant
to social signal processing and affective computing (e.g., Xue et al., 2019, Haider et al., 2021).
We first synchronized the group-level audio files to their respective videos (i.e., resolving the
offsets resulting from original data collection comprising video cameras and table-placed mi-
crophones) to match the student group audio to the pose data, and applied this process to all
group-level audio recordings. The 88 features of the eGeMAPS set are generated by first
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calculating a smaller set of low-level descriptors, such as pitch, loudness, and spectral charac-
teristics, over short audio frames. We used the default parameters, which analyze a frame length
of 25ms extracted every 10ms. Subsequently, openSMILE also applies various statistical func-
tionals (e.g., mean, standard deviation, percentiles) to these low-level descriptors’ contours
across the entire audio file.

The group-level audio files were also used to extract text transcripts. We used WhisperX
(Bain et al., 2023), a system that enhances the transcription capabilities of OpenAl’s open-
source Whisper automated transcription model (Radford et al., 2023). While Whisper provides
highly accurate transcription, its default timestamps are for entire utterances. Our analysis re-
quired finer-grained word-level timestamps to more accurately align verbal events with the non-
verbal pose data. Furthermore, this system uses the pyannote.audio voice activity detection
model (Bredin et al., 2020) to preprocess the long classroom audio files for human speech, which
optimizes the input and reduces the repetition errors that can occur when transcribing long class-
room audio files. Our choice with WhisperX is further supported by research, which has been
rigorously evaluated as having reasonable performance in correctly transcribing error-included
spontaneous speech instances (74% correct for word error scenarios and 83% correct for sound
error scenarios) (Alderete et al., 2025). Moreover, researchers analyzing classroom dialogue in
naturalistic small-group settings have been using modified versions of Whisper, such as Whis-
perX for extracting speech-related features (Yin et al., 2025; Sivakumaran et al., 2025; French
et al., 2025). While we did not carry out manual cleaning of the resulting files, we compared
several Whisper and WhisperX outputs and found that WhisperX’s versions consistently output
more readable transcriptions with fewer noticeable errors (e.g., some Whisper transcriptions
showed “Yeah.” hundreds of times in a row).

2.3. TEACHER—GROUP INTERACTION DETECTION METHOD

To systematically identify moments of teacher—student group interaction within the ~90-minute
classroom videos, we developed and applied a computational method to analyze the tracked
pose data. Our goal was to generate a set of timestamped video clips for each of the 21 student
groups where a teacher was likely engaging with the group. Our approach first identified poten-
tial interaction frames based on heuristics and then applied temporal smoothing to ensure the
resulting clips are stable for analysis. This process transformed the frame-by-frame pose data
into discrete interactions.

The core of our method was a heuristic that defined a teacher’s interaction based on their
physical orientation relative to the seated students in the group. For each frame, we first calcu-
lated a head position for every detected person using a weighted centroid of keypoints around
the head and neck (specifically, nose, neck, eyes, and ears). This weighted approach was done
to minimize jitter from minor head movements. This heuristic was based on a simple observation
from the videos that the teacher was much more likely to be standing, especially around the
students, than sitting. Thus, interaction was hypothesized to occur when one individual (i.e., the
presumed teacher) was both vertically dominant — as determined by the Y-axis values — and in
proximity, via the X-axis values, to the other individuals (i.e., the students). A frame was flagged
as a potential interaction only if a single person’s head centroid (the presumed teacher’s) was
significantly higher than all others and was within proximity to the student group. The interac-
tion detection heuristic was intentionally kept simple and interpretable. We operationalized
classroom patterns of teachers typically standing while students remain seated and used pose
height and spatial distance as clues to likely teacher—group interactions. Although this may be a
simple heuristic for teacher—group interactions, a similar method of detecting the teacher at the
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group was previously used on this dataset for qualitative research regarding teacher—group in-
teractions (Parr, 2021). The choice aligns with our broader aim of illustrating how even
relatively simple, computer-led exploration decisions can shape what becomes detectable and
thus what could be interpreted as meaningful.

This classification is inherently noisy, so a temporal filtering process was necessary to isolate
sustained interactions from momentary detections. To achieve this, we smoothed the binary se-
quence of potential interaction frames using a 10-second rolling window. This step effectively
determined if the interaction is consistent over a short period. For any given moment to be con-
sidered part of a probable interaction, a high percentage of the frames within its 10-second
window had to meet our heuristic criteria. Finally, in order to filter out very short interactions
(e.g., someone walking by, brief fly-by encounters, detection errors), we identified continuous
streaks of these confident interaction periods and retained only those that lasted for a minimum
of 10 seconds, or approximately 300 frames. This resulted in a set of teacher—student group

interactions video clips per group for subsequent analysis. The full process is depicted in Figure
3.
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Figure 3: A visual representation of our method for determining teacher—student group interac-
tions, starting with the pose data and ending with timestamps of video (via frame numbers).

The detection method used the video frame number as the temporal unit, so these were con-
verted into timestamps by calculating the analogous timestamps based on the video frame rate.
With the start and end times for each teacher—student interaction clip identified, we then aligned
the corresponding audio data streams. For the acoustic and prosodic features generated by
openSMILE, we filtered the time-series data to include only the features within the timestamp
of each event. Similarly, using the word-level timestamps from WhisperX, we collected all tran-
scribed words that were spoken during these periods. This step ensured that for every interaction
identified through pose analysis, we had a synchronized set of audio features and transcript data.

To assess the reliability and construct validity of the detection method, we conducted a
ground-truth validation using stratified random sampling. We selected one full ~90-minute
video from each of the three teachers, and within each video, randomly selected one student
group and manually coded all “true” teacher—student group pedagogical interactions, which we
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defined as sustained periods (10 seconds or greater) where the teacher was actively engaging
with the group. We then compared these with the human-coded timestamps against the detec-
tor’s output to calculate a recall metric and analyze the causes of the undetected events.

2.4. STATISTICAL ANALYSIS OF COMPUTATIONALLY DETERMINED CLIPS

We statistically analyzed each of the computationally determined clips in terms of the audio,
video, and transcribed speech modalities to determine whether there were notable differences
before, during, and after teacher—group interactions. Specifically, we analyzed before vs. during
and before vs. after to understand whether a teacher’s intervention was apparent either during
the interaction itself or perhaps that the teacher’s influence changed the nature of student group
interactions even after the teacher’s interaction was over.

2.4.1. Segmentation

We segmented the data into before, during, and after clips based on the duration of the teacher—
group interaction event, i.e., the duration of the “during” clip, so that for each event there would
be three comparable clips. Figure 4 shows how clip durations were selected so that the be-
fore/during and before/after clips would be comparable within-event (i.e., comparing the same
amount of time before and during a teacher—group interaction), but clip durations were still al-
lowed to vary across interaction events, given that interactions were of different lengths.

Equal duration
A A A

Teacher—group
interaction period
before during after

Another Example
Shorter teacher—
group interaction

—p before during after

Figure 4: Illustration of time segments compared for statistical analysis, where the duration was
matched within each interaction event but allowed to vary across events.

2.4.2. Processing, aggregation, and validation

We aggregated the data within each segment to characterize the segments numerically for sta-
tistical comparison across time periods (where time period refers to segments before, during, or
after a teacher—group interaction event). For video and audio modalities, we simply calculated
the mean of each column within each segment. Transcripts, on the other hand, were more com-
plicated because they consisted of words in dialogue turns, rather than easily aggregated
numbers. We applied a large language model (specifically, Mistral-Small-3.2-24B-Instruct-
2506, Mistral Al, 2025) that we ran on-premises (i.e., locally) to avoid data privacy issues
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related to sharing potentially identifying metadata and information in transcripts with cloud-
based language model providers.

We applied a few basic language model prompts to measure the presence or absence of po-
tentially classroom-relevant constructs, which were text features around question-asking,
confusion, need for help, and math-relevant discourse. For example, the question-asking prompt
was formatted as:

Do any of the snippets of dialogue below contain an explicit question?
Respond with only Yes or No.

[student I conversational turn 1]
[student 2 conversational turn 1]
[...additional conversational turns (range: 1-65)...]

The other prompts replaced “contain an explicit question” with “indicate that students [place-
holder]” where the placeholder was “might be confused”, “need help from a teacher”, or “are
discussing math”. Language model sampling parameters — i.e., how the model chooses between
likely candidate tokens at each prediction step — were largely unimpactful given the one-word
nature of responses, but may have some small impact and are thus reported for reproducibility.
Specifically, we used temperature = 0.6 (where 1.0 reproduces Thompson sampling and smaller
values more heavily weight the most likely prediction), top-k = 40 (i.e., the maximum number
of predicted tokens considered for sampling at each step), and top-p = .95 (i.e., the total proba-
bility mass to consider for sampling at each step).

To assess the reliability of the LLM-generated classifications, we compared the LLM predic-
tions against human judgment on a random sample of the dataset. We used simulation-based
power analysis (with 10,000 simulation iterations) to determine the sample size needed to pro-
vide a confidence interval width < 0.2 for Cohen’s k. Assuming x =.7, this required 200 samples.
We therefore manually coded 200 randomly selected instances for the four constructs. Inter-
rater reliability showed high agreement between humans and LLM for the more objective con-
structs “explicit question” (x = .778) and “discussing math” (x = .722). There was, however,
more moderate agreement for “need help” (x = .562) and “might be confused” (x =.531).

2.4.3. Linear statistical models

We measured differences between time periods with linear mixed effects models to determine
whether there were significant differences in the audio, video, and transcript data in response to
teacher—group interactions. Specifically, for each aggregated variable from each modality, we
fit a linear model with the variable as the outcome and a dummy-coded predictor of time period
(either before vs. during or before vs. after). We included a random intercept for each group
recording ID to account for statistical dependence within groups, such as the possibility that the
audio volume may have been higher for some recordings relative to others. We used the /merTest
package (version 3.1.3) in R version 4.5.1 (Kuznetsova et al., 2017; R Core Team, 2020).

The sample sizes for tests were relatively large, so sampling distributions were roughly nor-
mal per the central limit theorem, but still detectably different from normal via Shapiro-Wilk
tests in most cases. We thus also repeated tests with the rankit transformation (Soloman &
Sawilowsky, 2009), which revealed additional significant differences for some keypoint varia-
bles. However, we focused on the original, untransformed data in this paper, as the interpretation
does not differ, and these are the more conservative results.
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2.5. QUALITATIVE ANALYSIS OF COMPUTATIONALLY DETERMINED CLIPS

We conducted small-scale qualitative analysis on a subset of data to richly describe what might
be happening in the computationally detected clips and facilitate human interpretation of the
clips and computational output. We used a combination of coding-oriented and insight-oriented
qualitative approaches (Scherr, 2009). For both types of analysis, we used a subset of the data
with an interaction clip as the primary unit of analysis. We randomly selected an interaction clip
from each of the 21 computationally determined interaction clip outputs, and subsequently, be-
fore, during, and after video clips were trimmed from the original videos (resulting in 63 video
segments). An overlay of the same boundary box from the pose detection process was drawn
around the target group to focus on the target group, while also allowing the researcher to main-
tain awareness of the surrounding events outside of that boundary.

The qualitative coding focused on characterizing features of the teacher-student interaction
that had been considered in the design of the detector: teacher presence, student gaze, and overt
help-seeking. One researcher watched and coded each of these 63 video segments, applying the
codes from the codebook in Table 2. As our goal was primarily descriptive rather than predic-
tive, we did not have multiple coders to explore inter-coder agreement.

In addition to the qualitative coding, we conducted descriptive qualitative analysis of each of
the 21 interaction clips. This analysis aimed to identify themes in the types of teacher-student
activity, primarily focusing on the 21 during clips and use the before and after segments as
context. In particular, we explored themes in relation to the aim of the computational detection,
which included both similarities and contrasts with that aim.

Table 2: Codebook with behavioral constructs and definitions to assess video clips.

Behavior Definition Codes
A majority (i.e., two if grou
jority (i.c., . group at task
of three, three if group of
. at group-member
four) or more students in the
at teacher

Gaze group are exhibiting the gaze
characteristic for a majority of
the duration (over 50%)

away-distracted
other (if unclear)

Overt Student tries to get attention | for ves
help-seeking of teacher by raising hand, y
; 0 for no
clearly calling for teacher
Teacher presence Teacher is present within the 1 for yes
boundary box, even briefly 0 for no
3. RESULTS

In this section, we present the results of our case study. We describe the resulting clips data,
including descriptive statistics about their nature, present findings on the inferential analysis
from the linear mixed effects models, and present the qualitative assessment coding results.
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3.1. COMPUTATIONALLY DETERMINED CLIPS OUTPUTS

Applying our computationally determined clips method resulted in the identification of a total
of 317 distinct teacher—group interaction events across the 21 student groups. The number of
interactions per group were highly variable, with an average of 15.10 events (SD=12.42). One
group had as few as a single event, while another had as many as 46. Similarly, the mean dura-
tion of each interaction event was 32.73 seconds (SD=29.35), with clips having a broad range
from 10.08 to 230.36 seconds. Keeping in mind the mean duration of the analyzed videos of
~90 minutes (precisely, 1 hour, 29 minutes, and 47 seconds), the mean start time for all compu-
tationally determined clips was 52 minutes and 16 seconds (means for Teacher 1=50 min 57
sec, Teacher 2=53 min 7 sec, and Teacher 3=51 min 29 sec).

To provide an overview of the data across the different modalities, Table 3 presents the de-
scriptive statistics for selected audio and transcript-based features for each time period across
before, during (i.e., computationally determined interaction segments), and after. Among eGe-
MAPS’ 23 low-level descriptors, in the table we present a few select features that are readily
interpretable. To further clarify a few of these measures, jitter refers to vocal stability (mi-
crovariations in pitch), shimmer is vocal quality (variation in loudness), and MFCCs, or the Mel-
Frequency Cepstral Coefficients, are the energy shape of the sound (how muftled or bright it
sounds). We also present the mean values for four LLM-based binary outputs, which were dia-
logues around question-asking, detecting confusion, needing help, and math-related talk.

Table 3: A table of means for acoustic information and transcript features across the three seg-
ments of “before”, “during”, and “after”.

Modality Selected features Mean Mean Mean
“before” “during” “after”
Loudness (Loudness sma3) 0.33 0.34 0.34
ACOUStifJ Pitch (FOsemitoneFrom27.5Hz) 14.55 14.97 14.6
/ prosodic Jitter (jitterLocal sma3nz) 0.03 0.03 0.03
Based on Shimmer (shimmerLo- 0.656 0.670 0.66
openSMILE caldB sma3nz)
eGeMAPS MFCC 1 (mfccl _sma3) 21.20 21.41 21.11
Transcript Includes question 0.505 0.552 0.543
Dialogue indicating confusion 0.865 0.861 0.804
I f AZS Zi;’; s l?ialogue‘ incllica‘ting needs help 0.621 0.653 0.588
Dialogue 1ndlcta;1111{1g math-related 0.635 0.653 0.608

We found no statistically significant differences comparing the before vs. during and before
vs. after across all audio and transcript-based features. Paired-samples t-tests compared the se-
lected features across the different time periods. Specifically, in the before vs.
during comparison, none of the changes in the eGeMAPS audio features were significant, in-
cluding: loudness (#618) = -0.52, p = .601), pitch (#618) = -0.82, p = .415), jitter ((618) = -
0.76, p = .446), shimmer ((618) =-0.60, p = .550), MFCC 1 (#(618) =-0.94, p=.347). Similarly,
there were no changes in the transcript-based features: includes question (#(632) = -1.19, p =
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.233), confused text (#538) = 0.13, p = .898), needs help text (#538) = -0.72, p = .473), and
math talk text (2(538) =-0.90, p = .368).

Similarly, the before vs. after comparison showed no significant changes for any of the
same features: loudness (#(618) =-0.35, p =.725), pitch (#(618) = -0.14, p = .886), jitter (#(618)
=0.01, p=.995), shimmer (#(618) =-0.05, p =.960), MFCC 1 (#618) =0.38, p =.703), includes
question (#(632) = -0.95, p = .341), confused text (#538) = 1.51, p = .132), needs help text
(7(538) = 0.44, p = .660), and math talk text (#(538) = 0.53, p =.596).

3.2. DETECTOR VALIDATION AND CODING GAZES IN INTERACTION VIDEO CLIPS

To assess the reliability and construct validity of our computer-led exploration stage, we con-
ducted two evaluations: (1) a ground truth validation to estimate recall (i.e., how many true
pedagogical interactions were found), and (2) a qualitative coding of detected clips to estimate
precision and characterize student behavior. Across the three teachers’ videos, the human coder
identified 20 distinct interactions for the chosen group, and the detector identified 11 (55%) of
these events. We analyzed the 9 missed interactions, which revealed that the detector’s perfor-
mance was heavily dependent on visual constraints. The method performed well when there was
clear visibility (e.g., detecting 5 out of 7 events for Teacher 2) but systematically filtered out
specific types of interactions. Three events were not detected as a result of the spatial boundaries
of the group’s pose data, meaning that the teacher stood outside of the defined group boundary
box while interacting (e.g., calling on the group from the front of the class, discussing with the
group while stationed at another table). Four events were missed because the teacher was either
visually obscured by students/tables, or frequently crouching, behaviors that were not explicitly
accounted for in the detector’s heuristic for verticality. Two events were missed without a clear
visual cause.

To assess the quality of the events which were detected, we qualitatively coded (see Table 2)
a random sample of 63 video segments (21 interaction events x 3: before, during, after). In these
segments, students most often looked at their materials: 30 of 63 segments (47.6%) were labelled
“at task™ gaze, “at teacher” in 16 segments (25.4%), “at peer” in 10 segments (15.9%), “away-
distracted” in four segments (6.3%), and ambiguous “other” gazes in three segments (4.8%).
Overt help-seeking was virtually nonexistent, appearing in just one of 63 segments (1.6%), and
the teacher was present within the group boundary in 31 segments (49.2%).

3.3. DESCRIPTIVE QUALITATIVE FINDINGS

From the insight-oriented qualitative analysis, we highlight two distinct characterizations of the
teacher and student activity in the episodes that contrast with one another: joint attention to a
piece of student work and parallel presence of the teacher and students. We present short exam-
ples of each, highlighting the contrast in each, and use the qualitative codes of teacher presence,
overt help-seeking, and gaze as an analytic framework to describe them. Common to both types,
the teacher was physically present in the group boundary and in physical proximity to the stu-
dents. Another similarity was that neither type involved overt help-seeking from students.

A key difference between the types was highlighted by gaze. In the joint attention episodes,
the teacher and students had their gaze fixed on something in common (often aligning with the
“at task™ qualitative code), which was interspersed with gaze directed at each other. In one ex-
ample, this was a piece of written work a student had been working on at their table that the
teacher and students discussed and referenced. In a different example, the students and the
teacher were discussing work on the board in the classroom. In contrast, the parallel presence
episodes did not feature joint attention, and the teacher’s (and sometimes students’) gaze was
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not focused on each other. In one example, while a student was presenting at the front of the
room, the teacher sat down with a small group at the back of the classroom, occasionally facili-
tating the whole class discussion of the student’s presentation. Thus, the teacher’s and students’
gazes in the group were directed at the front of the room toward the presenting student and other
students in the classroom, and the teacher’s comments were not directed specifically at the stu-
dents in the group she was sitting with. We interpret these findings as presenting the possibility
that the clip detector may be better described as detecting the co-presence of the teacher and
students. The new aim and description could lead to future explorations of features such as
teacher-student proximity (Heng et al., 2017) and classroom geographies (Shapiro et al., 2024)
as related to teacher-student group interactions.

3.4. INFERENTIAL ANALYSIS

The mixed-effects models revealed several statistically significant changes, with most of the
effects occurring around the students’ pose, and a specific change in the LLM-generated con-
fused feature. Table 4 summarizes the full results for significant features across the two contrasts
of interest: before vs. during and before vs. after. The analysis revealed significant shifts in both
the vertical and horizontal positions of students’ heads and a few body keypoints.

Table 4: Significant features (o = .05) from the mixed effects analysis.

Features
Comparison (keypoint num in parenthesis) | Coefficient ($) | ¢-value | p-value
Nose (0) x 13.64 2.67 .008
Nose (0) y 11.13 3.86 <.001
Left elbow (6) y 6.225 2.03 .042
Left wrist (7) y 8.942 2.00 .046
before vs. during Right eye (15) x 16.16 2.80 .005
Right eye (15)y 12.17 3.89 <.001
Left eye (16) x 20.79 3.25 .001
Left eye (16) y 16.56 4.48 <.001
Right ear (17) x 14.10 2.18 .030
Right ear (17) y 10.56 2.76 .006
Left ear (18) x -14.82 -2.26 .024
Nose (0) x 14.53 2.72 .006
Nose (0) y 12.57 4.17 <.001
Left eye (16) x 16.64 2.61 .009
before vs. afier Left eye (16) y 13.51 3.56 | <.001
Left small toe (20) y 10.06 1.97 .049
Dialogue indicating confusion -0.061 -1.96 .049

In the before vs. during comparison, 11 keypoint coordinates changed significantly, and five
keypoint coordinates for the before vs. after comparison. No statistically significant changes
were found for any of the audio features in either comparison. For the transcript-based features,
a single significant effect was found: the confused feature showed a significant decrease in
the before vs. after comparison (=-0.061, r=-1.96, p=.049).
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4. DISCUSSION

In this section, we discuss the results of our case study. We first discuss a lens for considering
assumptions from researchers as well as algorithms, and present our simple framework of the
three stages of data analysis: exploration, interpretation, and confirmation. We then discuss our
case study results within this framework, which is followed by a thought experiment to envision
how the results and stages might have differed if the leading entity were interchanged during
the stages.

41. RESEARCHERS’ AND ALGORITHMS’ LENSES

Researchers bring their own “positionality,” i.e., their backgrounds, theoretical views, and cul-
tural experiences, to any study (Milner IV, 2007). Positionality shapes how researchers define
problems, select data, and interpret results. Researcher positionality is well established in qual-
itative work, where personal insight and context are acknowledged as part of the inquiry process
(Arnould et al., 2006; Snape & Spencer, 2003). Yet, even in quantitative studies, decisions about
data selection, variable construction, and model choices are not neutral. Each choice reflects
assumptions about what is important and what counts as evidence. In computational research,
these decisions are often embedded in algorithms, making them less visible but still influential.
Algorithms therefore also carry their own kind of positionality, as they are built to detect certain
types of patterns based on training data, design choices, or the mathematical structures they use
— the lens through which they are able to explore, interpret, or confirm patterns in data. For
example, a video analysis algorithm such as one we described in this paper to identify teacher—
group interactions may miss verbal exchanges that happen across the room, where the teacher
is not physically near the group.

Standard methods in educational data mining also favor specific types of patterns. For in-
stance, clustering algorithms must, by definition, assume something about the “shape” of a
cluster in data — e.g., that groups are compact and well-separated (Xu & Wunsch, 2005), which
works well for some data but less well for others. An overarching fundamental problem in search
(e.g., clustering, exploration) and optimization (e.g., classification, regression) is the no free
lunch theorem (Wolpert & Macready, 1997). The no free lunch theorem proves that no
search/optimization method is better than any other in general, only in specific contexts, pre-
cisely because any useful lens an algorithm (or human) brings to an analysis will equally as
much lead them astray in a contrasting context. It is therefore essential to consider and transpar-
ently report the role that humans and algorithms have in each step of data analysis, given the
impact that the biases common to broad classes of methods (e.g., cognitive biases for humans)
may have on results.

Considering who/what leads each step of analysis is also important for understanding the
transparency of an analysis, given that each step of analysis has the potential to impact transpar-
ency in later steps. For instance, a predictive model of student outcomes may be of a highly
interpretable form, such as a simple decision tree, yet still result in a completely uninterpretable
final decision because an earlier step of the process (i.e., data exploration for feature engineer-
ing) was led by a mostly uninterpretable algorithm (Tang & Bosch, 2024; Bosch, 2021).
Understanding the role of both human and algorithmic agency in each stage of analysis, there-
fore, helps researchers make informed choices about method design and interpretation,
especially when comparing findings across different studies where differing defaults or assump-
tions may shape results.
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As summarized in Section 1.1, our analytic agency framework makes these lenses explicit
by treating exploration, interpretation, and confirmation as stages that can be primarily human-
led or computer-led, and we situate common methods and our own case study within that frame-
work (Table 1). Below, we use that framework to understand the context of our findings and to
explore counterfactual combinations of stage leadership.

4.2. OUR RESULTS THROUGH THE LENS OF EXPLORATION, INTERPRETATION,
CONFIRMATION

Viewed through this framework, our results are consistent with an analytic workflow in which
exploration (e.g., feature extraction, interaction determination) and much of interpretation (e.g.,
statistical analyses) were effectively computer-led. Our teacher—group interaction detector (pre-
sented in detail in Section 2.3) presented 317 teacher—group interaction events across the 21
groups. These distributions reflect the design of our detection method: interaction candidates
were defined by pose-based vertical dominance and proximity, plus a 10s smoothing window
and 10s minimum episode length. In other words, the fool, rather than the researcher, set the
decision boundary for what counted as an “interaction.” Similarly, it could be argued that some
of the hard decision boundaries were also influenced by the computer, through the sheer process
of pose feature extraction on the video using OpenPose. Since OpenPose was trained on large-
scale datasets (i.e., COCO, Lin et al., 2014; and MPII, Andriluka et al., 2014) with predefined
keypoints and thresholds, it outputs inherent assumptions about what bodily configurations are
detectable and common, which likely further shaped which events surfaced in our pipeline.

Where change appeared, as naturally expected, it mostly aligned with the modality the de-
tector used as a foundation. Although comparing before vs. during and before vs. after did not
yield significant effects, mixed-effects models showed significant shifts based on the specific
body keypoints that we had privileged in our detector design. Many of the keypoints that we had
used for the head centroid (nose, neck, right eye, left eye, right ear, left ear) were found in the
list of significant keypoints in Table 4. This pattern is what our pose-oriented exploration lens
makes visible: body and spatial aspects as the teacher approaches and departs. Interestingly, the
LLM-generated confused text feature was also found to be significant (f = 0.061, = 1.96, p =
.049) for before vs. after, meaning that the presence of confusion in student conversations de-
creased after teacher—group interactions, on average, suggesting that teacher intervention in
student groups helped them to overcome impasses they were encountering and move on.

By contrast, the modalities our pipeline represented more coarsely did not show significant
effects. eGeMAPS features were essentially flat across segments. Taken together, the effects
show where the computer led both the definition of events and the representation of meaning.
Early design choices for the detector, such as the pose heuristic and smoothing thresholds may
have created strong biases toward valuing spatial dynamics. This influenced the exploration
process, which may have unintentionally overlooked other meanings in the data.

While our analysis did not include a formal third stage of confirmation, the light qualitative
coding carried out by three researchers can be viewed as a form of human-led appraisal of the
computer-generated output. Crucially, the teacher was coded as present within the group’s
boundary box in approximately half of the randomly selected segments (49.2%), meaning that,
despite the reasonable simplicity of our head centroid heuristic, the clips trended toward a pat-
tern of being useful for detecting the teacher in some capacity. Yet, “at teacher” gaze codes were
at a lower frequency at 25.4%, suggesting our computer-led exploration frequently identified
moments of mere co-presence rather than sustained interactions. Students were most often coded
as looking “at task” (47.6%), instead. In essence, this human check hints that our computer-led
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pipeline successfully found what it was designed to find — patterns in spatial data — but that these
patterns are an incomplete and sometimes misleading proxy for the richer construct of teacher—
student interaction.

4.3. COUNTERFACTUALS FOR ANALYSIS LEADERSHIP

To make the impact of analytical agency concrete, we can conduct a thought experiment, ex-
ploring counterfactual research designs for our case study where the leading entity (i.e., human
or computer) for exploration and interpretation is deliberately shifted. Using our same data and
research goal, to detect and understand teacher—student group interactions, we can imagine how
different choices of leadership would have produced fundamentally different studies and find-
ings.

4.3.1. Human-led exploration, computer-led interpretation

First, let us consider a design of human-led exploration and computer-led interpretation. In this
scenario, a researcher with pedagogical expertise would begin the analysis, not an algorithm.
They would watch the raw classroom videos and, guided by their theoretical knowledge of re-
sponsive teaching and classroom discourse, likely manually identify and timestamp moments of
what they judge to be meaningful teacher—student interaction. These human-identified events
might include moments the computer missed, such as a teacher offering brief verbal feedback
from across the room, or moments the computer flagged incorrectly, like a student standing up
to stretch near the teacher. Even short but meaningful teacher-group interactions would be pre-
served, which the computational approach forwent by filtering potential interactions under 10
seconds to reduce false positives. Additionally, as humans can view interactions to collect with
more nuance, clear misclassifications based on purely pose orientations would not occur, such
as when a non-teacher individual (e.g., student) is standing to talk to a friend at another group’s
table (Figure 5, left), or a teacher is sitting down nearby a group’s desk (Figure 5, right). These
qualitatively selected clips could then be fed into the same computational pipeline we used:
openSMILE for extracting acoustic features and an LLM for transcript text analysis.

Figure 5: Examples of when a computer-led pose-based interaction detection might misclas-
sify. An example of when a student might be standing around a group’s desk, and an example
of when a teacher might be sitting down nearby a group’s desk.

A reasonable outcome could be a reversal of our findings. We would expect to see much
stronger and more interpretable statistical signals in the audio and transcript data. Because the
initial exploration was guided by human meaning-making, the subsequent computer-led inter-
pretation would be quantifying phenomena already deemed salient by an expert. We might find,
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for instance, a statistically significant increase in the ‘“Needs help text” feature before the
teacher’s arrival, followed by a noticeable decrease after, which may be observed with an in-
crease in “math talk” during the actual interaction. While perhaps more difficult to predict, there
may also be noticeable differences in the segments for the prosodic and acoustic eGeMAPS
features. For example, perhaps the speech patterns before a teacher’s interaction with the group
may be characterized by more shimmer due to a student feeling uncertain about a topic, which
leads to less consistent loudness in speech. It could also be the case that students are speaking
with more energy after an interaction, due to newfound confidence about the topic. The com-
puter can further interpret the human-led and identified interactions, not as a discoverer but a
magnifier by adding statistical rigor to patterns first identified by the human lens. While the
study’s validity would rest on the qualitative expertise of the human coder, it is possible to im-
agine that there would be clearer and pedagogically relevant patterns.

4.3.2. Computer-led exploration, human-led interpretation

Second, let us imagine the inverse: computer-led exploration and human-led interpretation. This
approach begins exactly as our case study did, using the pose-based detector algorithm to gen-
erate the 317 interaction clips. However, instead of proceeding to statistical analysis, these clips
would be handed to a qualitative researcher as the primary dataset for analysis. The human
would take the algorithm’s output as a pre-filtered, high-volume sample of potentially interest-
ing moments that would be infeasible to find manually.

The analytical process would then shift entirely. A researcher would perform a deep, quali-
tative analysis — such as conversation analysis or interaction analysis — on the computer-
generated segments (Seedhouse, 2005; Norcutt & McCoy, 2004). Instead of p-values and coef-
ficients, the output would be potentially thematic codes, case descriptions, and narrative
accounts of the interactions. The researcher might discover that the pose-based, physical prox-
imity interactions identified by the algorithm are disproportionately procedural (e.g., checking
answers to problem sets, distributing worksheets) rather than conceptual (e.g., explaining a spe-
cific concept in detail to the group). Or they might find that even within these algorithmically
similar clips, the teacher uses a variety of pedagogical moves that lead to different student re-
sponses. In this design, the computer acts as a tireless, albeit naive, research assistant to direct
the limited and expensive resource of human attention. The study’s validity would depend on
the depth and rigor of the human’s qualitative interpretation of the machine-selected data.

4.3.3. lterative hybrid partnership

Finally, we can envision our case study as having been an iterative hybrid partnership of com-
puter-led exploration, human-led interpretation, similar in vein to computational grounded
theory (Nelson, 2020). We could begin with our computer-led exploration. A human researcher
could then interpret this initial output, labeling the algorithm’s findings as “Yes, this was a true
interaction, so 1,” or “No, this was just the teacher walking by so 0,”, but perhaps with more
systematic but nuanced codes like “procedural check-in,” “conceptual explanation,” or “off-
task monitoring.” This human feedback could be used to fine-tune the detection algorithm or
train a machine learning model for a more sophisticated approach to predict the interactions.
The refined approach could then perform a second, more intelligent exploration of the data and
present a new set of clips for human interpretation. An additional direction could be that the
human researcher might notice in the first set of clips that a conceptual breakthrough is preceded
by certain acoustic patterns, such as lower speech energy and more shimmer in student voices,
perhaps indicative of uncertainty. The refined algorithm could then be trained to search the entire
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dataset for this acoustic signature of this uncertainty measure, which, when followed by a
teacher’s presence, could lead to a more targeted and meaningful set of interactions for qualita-
tive analysis.

Similarly, the researcher could use the transcripts to identify key conversation markers of
scaffolding, such as teachers using phrases like “What if you tried...?”” or “What does that num-
ber tell you?” A refined algorithm could associate these phrases with true interaction labels to
find similar moments of high-quality teacher—group talk that the initial pose-only detector
missed. The cycle of computer exploration and human interpretation would allow the re-
searcher’s theoretical understanding of classroom discourse to evolve with the process. This
type of stage-level delegation mirrors work by Barany et al. (2024), who empirically compared
four workflows for qualitative codebook development, ranging from fully human to fully auto-
mated (human only, human development—ChatGPT refinement, ChatGPT development—human
refinement, ChatGPT only). The finding showed that hybrid workflows, where the agency al-
ternated between human and Al, produced the highest quality codebooks, which supports our
perspective that intentional, explicit partnerships often yield more meaningful inquiry than fully
automated or fully manual alternatives. For educational data mining research, this framework
provides a way to regard computational tools in research pipelines also as influencing analytic
agency and the eventual results obtained. By making this analytic agency an explicit design
choice, researchers could better align computational methods with theoretical aims, leading to
more transparent findings in classroom environments.

These counterfactuals demonstrate that the choice of who or what leads each analytical stage
is a fundamental decision point that defines the nature of the research. Our framework does not
prescribe one path as superior, but instead provides the language for researchers to navigate
these choices deliberately. Through the perspective provided by the framework, we can perhaps
better anticipate and see the inherent biases and positionalities of the researcher, and how their
methodological partnership with computational tools and Al lead them to the eventual results.

5. LIMITATIONS AND CONCLUSION

In this paper, we presented a study that automatically detected teacher—group interactions from
high school mathematics classroom videos. We developed and applied a computer-led pipeline
to detect teacher-student group interactions based on pose data extracted from the video data.
Our case study illustrates a simple framework for considering researcher analytical agency dur-
ing the exploration, interpretation, and confirmation stages of data analysis. The results were
consistent with the principles of our framework: the exploration stage, which was driven by a
pose-based algorithm, yielded statistically significant findings primarily in the pose data itself,
while showing no significant effects in audio, and a significant effect in only one transcript-
based feature, dialogue about confusion. The lead entity for exploration and interpretation, in
our case, the computer, shaped the patterns that were discovered and considered meaningful.
This study contributes to the EDM field by providing the vocabulary needed to describe these
shifts in agency and the inherent assumptions of multimodal computational tools. By classifying
whether each stage is primarily human-led or computer-led, our framework provides a vocabu-
lary needed to describe and compare the underlying assumptions of different research methods
when integrating computational tools and Al during the data analysis process.

We acknowledge several limitations in our study. First, our interaction detector used a simple
pose-based heuristic (vertical dominance and proximity), which we view as a coarse proxy for
teacher—group co-presence rather than a validated interaction. As our own qualitative coding
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suggested, this simplicity contributed to both false positives (e.g., brief walk-bys, procedural
check-ins) and missed interactions (e.g., seated or across-room exchanges). Yet, this limited
construct validity illustrated how computer-led exploration can narrow the space of events that
are available for later interpretation. As an example of a way to extend on this detector, rather
than using just pose, the approach could have integrated transcripts and even acoustic charac-
teristics, to be used in conjunction to identify clearer signals for teacher interactions.
Furthermore, our statistical analysis did not include corrections for multiple comparisons, as its
primary purpose was to demonstrate the assumptions in the pose-based approach. This does
imply that some of the detailed findings may not be reliable, and the overall patterns and trends
should be treated as the primary contribution of this work rather than treating every single sta-
tistical finding as reliable. Finally, our three-stage framework is a simple model; real-world
research is often a more complex and iterative process that may not fit neatly. Yet, the simplicity
of the framework likely makes analytical leadership more transparent and interpretable across
diverse methods.

Future research should empirically investigate the counterfactual scenarios outlined in our
discussion, for instance, by directly comparing the findings of a specific study from a human-
led exploration of the same data against computer-led results. Further work could also focus on
developing tools that are designed to support hybrid, iterative research partnerships between
human and computational tools. These tools should crucially be able to document the decisions
made by the researcher and computational tools to make positionality and inherent assumptions
clearer. Ultimately, by making analytical agency an explicit design choice, researchers can com-
bine the complementary strengths of human insight and computational power, and work toward
constructive and transparent ways to derive meaningful insights from the data at hand.
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