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Introduction: Supporting meaningful student engagement is an important goal of educators and educational researchers. However, there are many variations in definitions and measures of engagement, making it challenging to recognize and design for deep engagement. To address this challenge, the purpose of this work is to interrogate the ways that different theoretical and methodological choices impact how we describe student engagement. 



Methodology: We applied two student engagement coding schemes to classroom video from two computer- supported collaborative learning (CSCL) contexts. We compare how each coding scheme made different types of engagement more or less visible and explore potential decision points and synergies.



Findings: The coding schemes differed in many ways, including their theoretical grounding, level of analysis, and inclusion of various dimensions of engagement. We argue that each of these methodological choices orient researchers to video data differently, which has implications for how researchers make sense of group work, next analytical steps, and claims. There are also substantial challenges that researchers may encounter when using engagement coding schemes outside of the contexts in which they were developed, including achieving reliability and the relevance of indicators of engagement to the novel context.



Discussion: This study contributes to our understanding of how to make sense of engagement in classroom video and the synergies between different coding choices and theoretical perspectives.
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1 Introduction

In science education, educators have increasingly challenged learners to become “doers” of science, leading to classroom participation structures that involve active collaboration in small groups (Forman, 2018; National Research Council, 2012; Zangori and Pinnow, 2020). Understanding how students engage in these small groups is essential for designing for equitable participation– that is, participation where all students have access to high-quality, meaningful opportunities to learn science (Bang et al., 2017). The ways in which educators and/or researchers both define and measure “student engagement” shape which students are seen as participating meaningfully and which are not (Culver et al., 2024), and students whose engagement does not match the assumptions of a given measure risk being read as less capable rather than differently engaged (Lee, 2008). This risk also falls unevenly across students. For example, schemes built around visible, verbal markers of participation can undercount quieter forms of engagement, such as active listening or distributed contribution, that may be more common among multilingual learners or students newer to a classroom's discourse norms (Jennings et al., 2025; Lee, 2008), with consequences for the support and expectations those students are then given. This pilot study contributes to closing that gap by comparing how two established observational measures of engagement classify the same classroom video data, examining where their classifications converge and where they diverge. Our goal is not to move towards one optimal measure of engagement but rather to examine how different indicators are made salient in each coding scheme and how they might render different conclusions about student engagement.

We are interested in engagement in science classrooms that utilize computer-supported collaborative learning (CSCL)—where students' learning is supported and enhanced by the use of specialized educational technologies (Miyake, 2007; Stahl et al., 2006). In such classrooms, measuring engagement often requires attention to multiple levels of participation, including individual learner behaviors, group interactions, and human-computer interactions, not to mention moments where these intersect. Therefore, it is important to understand how existing measures of engagement may capture, represent, and/or miss these elements. In this article, we explore the challenges of measuring engagement in CSCL contexts by applying two coding schemes from different theoretical traditions to two CSCL contexts in which students learn science in small groups. In order to advance our understanding of engagement across contexts, we expand on Steinberg et al. (2023), which applied these coding schemes to one context (embodied science modeling), by adding an additional context and exploring how applicable the coding schemes might be to learning environments for which they were not developed. We ask:


	1)How do researchers' choices in measuring engagement impact their understanding of students' group work in CSCL environments?

	2)What are the challenges of adapting engagement coding schemes across contexts?



We note that our purpose here is methodological rather than measurement. We are not aiming to characterize student engagement in these two contexts per se, but to use them as test cases for examining how coding scheme choice shapes what becomes visible as engagement.



2 Literature review

Although most educational researchers agree that student engagement is important to support, there is disagreement about how to define and measure it (Appleton et al., 2008). Engagement is a term that is often used colloquially and, thus, ambiguously in educational practice and literature (Azevedo, 2015). Even when it is defined, there is lack of agreement across the literature on those definitions or dimensions of interest (Fredricks et al., 2011). Methodologically, there are also many ways of “seeing” engagement, from classroom videos, to surveys, to student or teacher interviews (Steinberg et al., 2023). Each of these ways of measuring engagement has its own affordances and constraints and highlights different elements of classroom activity.

Definitionally, engagement is often defined in relationship to similar constructs, such as motivation (De Loof et al., 2021; Henrie et al., 2015) or students' connection with school or a particular subject (Fried and Konza, 2013; Skinner et al., 2009; Sun et al., 2022). Fredricks et al. (2004) assert that engagement is a multidimensional construct, consisting of behavioral, cognitive, and emotional layers. Other researchers define additional dimensions of engagement, including connective, productive disciplinary, and consequential engagement (e.g., Agarwal and Sengupta-Irving, 2019; Engle and Conant, 2002; Gresalfi et al., 2009). Some study only one dimension (e.g., cognitive; Chen and Terada, 2021), while others argue that the dimensions are so intertwined that it is not productive to separate them (e.g., Bergdahl et al., 2018; Renninger and Bachrach, 2015). This lack of consensus makes it difficult to compare findings across studies, since two papers reporting on “engagement” may be describing different constructs altogether (Azevedo, 2015). Rather than arguing for a single consistent coding scheme, we suggest that researchers be explicit about which dimensions of engagement they are measuring and why, so that claims about engagement can be interpreted in light of those choices. In this article, we view engagement as a multidimensional construct that describes varied qualities of students' participation in learning activities and explore how a focus on different dimensions shapes our understanding of engagement (Fredricks et al., 2004).

In addition to diversity in definitions, there are also a range of ways in which student engagement has been measured in science education, ranging from surveys (Testa et al., 2022), to experience sampling (Schmidt et al., 2018), to interviews (Godec et al., 2018), to observational rubrics (Hall and Miro, 2016), to face-based engagement detection (Bosch, 2016). Studying engagement requires determining the level (individual or collective) and grain size (person-oriented or context-oriented; Sinatra et al., 2015) at which it is measured. Henrie et al. (2015) conducted a literature review on engagement in technology-mediated environments at both the K-12 and undergraduate levels. They found that the majority of studies (61.1%) utilized quantitative self-reports to measure engagement. Although self-report instruments are practical, relatively easy to administer, and capture student perceptions of their own engagement, they tend to be worded generally (e.g., I work hard); therefore, they may not provide accounts of contextual factors, like specific task, curriculum, or pedagogical choices that influence engagement (Fredricks and McColskey, 2012). Given that student engagement is produced dynamically through interactions between learners and environments, understanding these contextual features is vital for a more complete picture of how engagement unfolds during learning activities (Ryu and Lombardi, 2015).

Therefore, in this study, we apply two observational engagement coding schemes to video data of students participating in CSCL science contexts.

Recent years have seen increasing calls for incorporating multimodal data streams to capture student engagement (Chango et al., 2022; D’Mello et al., 2017). Multimodal approaches such as multimodal learning analytics, which combine data streams such as eye-tracking, physiological sensors, log-file data, or speech analytics, have been proposed in order to triangulate across channels and achieve more accurate and complete measurement of engagement (D’Mello et al., 2017; Wiedbusch et al., 2023). However, collecting multimodal data introduces its own complications. Synchronizing multiple data streams in authentic classroom settings is logistically demanding, and fusing disparate channels into a coherent account of engagement is not always straightforward (Guerrero-Sosa et al., 2025; Jewitt, 2015). Moreover, some multimodal indicators are derived from low-level physiological or sensor signals such as heart rate variability or skin conductance whose relationship to higher-order constructs like engagement remains difficult to interpret and independently verify (Blikstein and Worsley, 2016).

While multimodal data offers richer triangulation in principle, it has limited feasibility in naturalistic classroom settings (Chango et al., 2022; Sharma and Giannakos, 2020). Video data, which preserves multimodal signals (e.g., gaze, gesture, discourse), offers a practical and analytically powerful middle ground (Nassauer and Legewie, 2022). It is among the most common and feasible data sources in authentic classrooms (Foster et al., 2024). While observational method through video data can be labor intensive, it offers the situated, interactional character of engagement as it unfolds, and is replayable, allowing multiple coders to apply different analytical frameworks to identical footage (Lu et al., 2025). This study aims to compare how two observational frameworks can be applied to understand student engagement differently through videos. We focus specifically on engagement as participation because it is directly observable in video, grounding claims about engagement in concrete interactional evidence rather than inferred internal states.

We initially selected two observational frameworks of engagement because of our interest in understanding the unique affordances of and potential synergies between approaching engagement from a cognitive versus a sociocultural perspective (two dominant classes of theories in CSCL; Danish and Gresalfi, 2018). However, as we will share in the findings, differences in theory were not the only ways that these coding schemes oriented us to the data differently.

Broadly speaking, cognitive theories of learning and engagement posit that knowledge is represented within the mind of an individual (Case, 1996). Therefore, research guided by these theories generally focuses on an individual's internal mental processes and on supporting them in gaining knowledge. In contrast, sociocultural theories of learning build on the belief that knowledge exists in social contexts; knowing is seen as a joint accomplishment between an individual and their context (Greeno et al., 1996). While cognitive and sociocultural perspectives on learning are often presented in opposition to one another, looking for synergies across these traditions can reveal opportunities to build on both that only become visible in their contrast (Danish and Gresalfi, 2018; Sfard, 1998). In the next section, we describe two coding schemes that are associated with each observational framework that were selected to guide the current study.


2.1 The coding schemes

Both selected coding schemes were recently published, grounded their framework in a coherent theoretical approach to engagement, and were designed to measure student engagement using video or observation, but they differ in theoretical orientation. For the cognitive coding scheme, we selected the Classroom Observation Protocol for Interactive Engagement in STEM (COPIE-STEM), an observation protocol designed for use in both hands-on and lecture-based STEM classrooms based on the ICAP framework of engagement (Hsiao et al., 2022). For the sociocultural coding scheme, we selected Rogat et al. (2022)'s measure of group disciplinary engagement (GDE), which was originally designed for use with small groups of students in middle school science, math, and engineering contexts. Table 1 outlines the ways that each coding scheme operationalized different modes/dimensions of engagement. Please refer to the original papers for the full coding schemes.



TABLE 1 Abbreviated cognitive and sociocultural coding schemes.



	Cognitive: COPIE-STEM (Hsiao et al., 2022)



	Dimension
	Definition
	Examples





	Passive
	Receiving
	

	Listening and watching

	Reading text






	Active
	Manipulating
	

	Answer teacher's close-ended questions

	Discuss procedures or tasks






	Constructive
	Generating
	

	Ask the teacher questions that show higher order thinking

	Teach classmates by explaining or elaborating






	Interactive
	Dialoguing
	

	Ask/answer classmates’/teachers’ questions regarding learning materials while engaging constructively








	Sociocultural: GDE (Rogat et al., 2022)



	Dimension
	Definition
	Examples



	1
	2
	3
	4





	Behavioral
	Level of on-task activity
	Off-task interactions
	Mostly on task; some off task
	Sustained on-task interactions
	N/A



	Socioemotional
	Level of social and emotional group climate
	Harsh criticism; blame groupmates
	Mixed climate
	Respectful, polite, encouraging
	N/A



	Collaborative
	Level of coordination and responsiveness
	Parallel efforts; imbalance in perspectives
	Mixed; first response taken up
	Build on ideas; reject with rationale
	N/A



	Metacognitive
	Level of co-regulation
	Cannot cohere around plan/goal
	Planning focuses on task completion
	Set goals towards understanding
	N/A



	Disciplinary
	Level of intellectual progress on conceptual activity
	No disciplinary talk
	Fragmented talk; restating terms
	Brief elaboration of a term or connection of facts
	Synthesis; conceptual connections; extended elaboration




	All dimensions of Authors (2022) range from low (1) to high (3), with the exception of disciplinary, which ranges from 1 to 4. Note that metacognitive also has a no rating option if it is not observed.








2.1.1 COPIE-STEM

COPIE-STEM is grounded in ICAP, a well-known cognitive framework for the measurement of engagement (Chi, 2009; Chi and Wylie, 2014). According to ICAP, engagement behaviors fall into four modes that exist along a spectrum, Interactive, Constructive, Active, and Passive, and that as learners move from passive toward interactive engagement, their learning also increases. Students are considered passively engaged when they receive information without noticeably doing anything with it. Active engagement occurs when students manipulate materials in some way, such as underlining or taking notes. In both passive and active engagement, students do not move beyond the given learning materials. In contrast, constructive and interactive engagement are characterized by deep processing strategies and require students to move beyond the provided materials. In constructive engagement, students generate outputs, such as by asking questions or taking notes in their own words. In interactive engagement, students participate in dialogue with others in ways that move beyond the provided learning materials. COPIE-STEM (Hsiao et al., 2022) translates ICAP's four conceptual modes into classroom-observable behaviors that researchers can code from video data post hoc. Specifically, COPIE-STEM gives concrete examples of what counts as each mode in a STEM classroom, for instance treating listening or reading as passive engagement and asking elaborative questions as constructive engagement (see Table 1).



2.1.2 Group disciplinary engagement

Rogat et al. (2022) offer a socioculturally-oriented framework to analyze the disciplinary engagement of groups. They divide group disciplinary engagement (GDE) into five dimensions: behavioral, socioemotional, collaborative, metacognitive, and disciplinary. As presented in Table 1, behavioral engagement refers to the extent to which the group jointly participates in the learning task; socioemotional engagement to the quality of the group's interpersonal interactions and climate; collaborative engagement to the group's conceptual coordination; metacognitive engagement to the group's use of regulative and planning strategies; and disciplinary engagement to the group's activity with regards to the academic content as defined by the discipline. This framework was influenced by several engagement frameworks that build on sociocultural theories of learning (Agarwal and Sengupta-Irving, 2019; Engle and Conant, 2002; Gresalfi et al., 2009; Gresalfi and Barnes, 2016; Sinatra et al., 2015). Each of these sociocultural approaches to engagement focus on the social, interactional, and contextual nature of engagement and often use collective group interactions as the unit of analysis (Ryu and Lombardi, 2015).





3 Methodology

In this paper, we explore the two observational frameworks described above to understand how our decisions about coding schemes and coding orient us to data and/or analysis differently. To do so, we apply both coding schemes to two cases of multifaceted engagement in CSCL classrooms: elementary school students (fifth grade) participating in mixed-reality embodied science modeling (GEM-STEP; Danish et al., 2022) and middle school students (seventh grade) participating in a problem-based science game (ECOJOURNEYS Saleh et al., 2019). In both contexts, learners worked together in small groups of four students each to learn about scientific ecosystems. While both contexts were CSCL learning environments, they differed in instructional approach (modeling versus problem-based learning), the age of the students (upper elementary versus middle school), the scientific content (garden versus aquatic ecosystems), and the technology (embodied mixed-reality versus a laptop-based 3D game). We used small subsets of data from each context (12 min each) because our goal was not to thoroughly analyze engagement throughout each context but, rather, to explore how different approaches to the analysis of engagement adapt to and are influenced by different types of learning contexts. In this sense, the data we analyze in this study is not the video data, but the coding decisions that we made. We describe each context in detail below. Given this limited and purposefully selected dataset, we treat this study as exploratory in scope. Our aim is to surface methodological decision points for researchers rather than to draw generalizable conclusions about student engagement or to seek an optimal way to measure engagement.


3.1 Small group embodied science modeling in GEM-STEP

GEM-STEP is a mixed-reality modeling software that enables students to engage in collaborative embodied scientific modeling (Danish et al., 2022). Students control agents in the system (e.g., worms; bunnies) either with full body movements by wearing hats or lanyards with tracking tags or with their fingers by using iPads (see Figure 1).


[image: Split-screen showing an ecosystem mixed-reality model on the left with labeled elements including worm one, worm two, worm three, bunny, and ecosystem health meter, and a classroom setting on the right where students labeled as Max, Peyton, Sarah, and Bob are acting as scientific agents, with the screen projected at the front of the classroom.]
FIGURE 1
The projected GEM-STEP garden model (left) and students participating in a round of embodied modeling (right).


We coded data from a Fall 2022 implementation of GEM-STEP. The participants (n = 18) were fifth grade students from a classroom at a public elementary school in the Midwestern United States. Thirteen students self-reported demographic information: students were between 10 and 12 years old and majority identified as white (92.3%). Approximately 30% used he/him pronouns, 54% used she/her pronouns, and 15% used they/them pronouns. The students participated in nine lessons using the software, lasting approximately 45 min to one hour. The curriculum focused on understanding processes of energy transfer within pond and garden ecosystems. Students engaged in full class discussions, worked in small groups to plan how they would move as a part of the model and how they would change the script that guided how characters interact in the model, and tested the model in small groups. We selected GEM-STEP as a context for studying engagement because we believe that moving from planning in small groups to standing up and collectively embodying scientific phenomena would offer a range of observable, collaborative engagement that would be generative for analysis.

We focus on one group of students on the sixth day of the implementation, selected because the size of their group on this day (4 students) matched that of the second context (described below) and because of the quality of their data. This group included one boy (Bob[1]) and three girls (Peyton, Max, and Sarah) who worked with one researcher to define the functionality of an ecosystem health meter, which was displayed on the side of the model as a bar graph. The group spent approximately ten minutes making a plan for what the health meter should track (e.g., just the average health of consumers, just producers, some combination, etc.), and how they would act during the embodied modeling round in order to keep the ecosystem health high. During this planning session, students had access to a shared iPad showing the GEM-STEP model and individual paper handouts with snippets of the code that programmed the ecosystem health meter (Figure 2; Steinberg and Danish, 2024). After this conversation, students participated in a two-minute round of embodied modeling where they acted as worms and bunnies and tried to keep the ecosystem balanced (i.e., all organisms were alive and healthy) within the GEM-STEP software. We refer to the first activity as the “planning” episode, and the second as the “embodied modeling” episode. Data sources included classroom video and screen recordings of the projected GEM-STEP software. The planning episode lasted for ten minutes, and the embodied modeling episode lasted for two minutes.


[image: Screenshot showing annotated code for an Ecosystem Health meter. Highlighted comments prompt changing the meter label and variable for health, listing options such as bunnyCount, plantCount, wormCount, and averageBunnyEnergy. The selected metric is global.averageBunnyEnergy. Arrows visually connect label and variable customization steps.]
FIGURE 2
The code snippets that the group used to program the ecosystem health meter. The top block sets the meter's label, and the bottom block lets students choose which variable (e.g., average bunny energy) the meter tracks.




3.2 Small group problem-based learning in a narrative game: ECOJOURNEYS

ECOJOURNEYS is a problem-based learning environment that engages students with a game-based narrative to collaboratively investigate a complex problem: uncovering the mystery of why tilapia are getting sick on a remote island in the Philippines (Saleh et al., 2019; Zou et al., 2024; Figure 3). The game consists of one tutorial and three quests, each of which contains individual investigation and collaborative problem-solving activities. Students worked on an individual laptop in groups of three to four, interacting with in-game non-player characters (NPCs) and learning materials such as videos and notes. Upon collecting information, students meet at a collaborative learning space, Deduce, where they answer a set of questions and reach an agreement by justifying their ideas to their peers.


[image: A 3D-rendered educational game interface shows a character in a backpack standing in a virtual aquaculture lab with blue tanks and benches. The right side displays a task panel explaining that the tilapia are sick due to cyanobacteria, with a chat box where users discuss the activity and submit responses about ecosystem relationships, specifically oxygen and cyanobacteria.]
FIGURE 3
Tilapia tanks in ecoJourneys (left) and group explanation and chat interface (right).


We coded video data from a Fall 2022 implementation of ECOJOURNEYS. The participants were seventh grade students (12–13 years old) from a science classroom at a public middle school in the Midwestern United States. The school was located in a rural area, with approximately 18–20 students per class. The student body was 85.1% White, 9.3% Black, 2% Hispanic/Latino, and the remainder identified with other racial or ethnic groups. The science teacher had 17 years of teaching experience in the content area. The Deduce activity is one of the central collaborative activities in ECOJOURNEYS which requires sustained joint reasoning and visible coordination among group members. It affords direct observation of group-level engagement across behavioral, collaborative, and disciplinary dimensions, making it a particularly appropriate context for comparing how different coding schemes capture collective participation. We selected two video clips of a small group who worked in Deduce on two different days (see Figure 4). Specifically, we selected clips that demonstrated best possible video quality with faces and gestures observable majority of the time. The group consisted of two girls (Mary and Lisa) and two boys (Jack and Tom). This group was selected because they exhibited variability in their engagement, and the video quality was good. We refer to these video clips as Episode 1 and Episode 2 in the following sections. Episode 1 lasted for five minutes, whereas Episode 2 lasted for seven and half minutes. In Episode 1, students worked on Deduce during Quest 1, in which the teacher instructed the class to be quiet. In Episode 2, students worked on Deduce during Quest 2, and there were no stated expectations for silence.


[image: Split image showing a table with water sample data and student conclusions on the left, while on the right, students with laptops and headsets are labeled as Mary, Lisa, Jack, and Tom in a classroom setting.]
FIGURE 4
A screenshot of a sample problem in deduce (left) and the small group selected for this study (right).




3.3 Analysis

The videos were segmented into one-minute segments for COPIE-STEM, and 2.5-minute segments for GDE. GDE was originally used by its authors on five-minute segments (though later reduced to 2.5-minute segments), but we chose to reduce the size of the segments due to the small amount of data we were coding, so as to give us more coding decision points. COPIE-STEM requires that for each minute, coders mark whether indicators of each dimension were present or absent. GDE requires that coders rate the quality of each dimension on a scale from low to high at each time interval.

Two coders (the first and second authors) discussed their understanding of the two coding schemes in relation to both GEM-STEP and ECOJOURNEYS contexts. The first author was involved in the design of, and was present at, the GEM-STEP implementation, while the second author was part of the design of, and was present at the ECOJOURNEYS implementation. Neither of the coders was involved in the development of the chosen Rogat et al. (2022) coding scheme. Together and separately, they viewed additional video data from both contexts that was not coded for this paper to orient themselves to each dimension of engagement. Both schemes were applied to the same video segments. Because of difficulties with achieving high agreement on some dimensions during training, all the data was double coded. Krippendorff's alpha was calculated (Table 2) and discrepancies were discussed and resolved until 100% agreement was reached. To examine differences between the two codebooks empirically, we compared the resulting codes (Figure 5) and discussed decision points, sharing the interactional evidence each coder drew on to assign them. Based on these discussions, amongst the coders and the broader author team, we noted specific interactions where engagement looked different across the coding schemes and identified several features of each scheme that seemed to shape our interpretations, which form the basis of the comparisons we present in the Findings below.



TABLE 2 Percent agreement and Krippendorff's alpha for our dataset prior to discussion. After discussion, all dimensions had 100 percent agreement.



	Dimension
	Percent Agreement
	Krippendorff's alpha





	Behavioral
	100
	1



	Socioemotional
	90
	0.747



	Collaborative
	80
	0.683



	Metacognitive
	60
	0.05



	Disciplinary
	80
	0.715



	Passive
	91.7
	0.188



	Active
	100
	1



	Constructive
	95.8
	0.874



	Interactive
	97.9
	0.847








[image: Data table presents coded engagement types by minute for two groups of students named individually in upper and lower panels, labeled Active, Constructive, or Interactive, with group behavioral, socioemotional, collaborative, metacognitive, and disciplinary ratings provided for each segment.]
FIGURE 5
COPIE-STEM (individual-level, 1-min. segments) and GDE (group-level, 2.5-min. segments) engagement codes applied to the same video segments in GEM-STEP (top) and EcoJourneys (bottom).





4 Findings

The chosen coding schemes differed in the theoretical alignment (our reason for selecting them), but also the level at which engagement was measured (individual versus group), the number and type of dimensions included in the coding scheme, the way that video was segmented, and how context was considered. Figure 5 presents the engagement ratings by the two coding schemes side by side. These coding schemes provided information about multiple dimensions of engagement from both a group and an individual level. For the most part, higher levels of individual COPIE-STEM engagement (constructive and interactive) seemed to align with higher levels of GDE disciplinary engagement in both contexts. However, there were also complex socioemotional, collaborative, and behavioral moment-to-moment interactions that shaped these dimensions, which each coding scheme highlighted or obscured in particular ways. Table 3 summarizes these differences across the two coding schemes. We unpack the sources of this divergence by detailing how each coding scheme made different components of students’ engagement visible. Finally, we present some of the challenges we experienced in applying these coding schemes to different learning contexts.



TABLE 3 Summary of key differences between COPIE-STEM and GDE observed when applied to the same video segments.



	Dimension
	COPIE-STEMCognitive. Based on the ICAP framework (Chi, 2009).
	GDESociocultural. Builds on engagement frameworks that treat learning as socially situated (Rogat et al., 2022).
	Implication





	Level of analysis
	Individual. Coders watched the video once per student.
	Full group. Coders focused on collective interaction.
	A focus on collective interaction might highlight the general climate of the group, but obscures individual levels of participation within that group.



	Number of dimensions
	One (cognitive)
	Five (behavioral, socioemotional, collaborative, metacognitive, disciplinary)
	A focus on multiple dimensions of engagement may help to provide a fuller contextual picture of cognitive engagement.



	Segmenting
	1-min. segments
	2.5-min. segments
	While longer segments take less researcher labor to code, they may fail to reveal how engagement changes moment-to-moment.



	Sensitivity to context
	Lower. Emphasize on verbal interactions more than other indicators.
	Higher. Disciplinary engagement could be rated using context-specific understanding of the activity.
	Lower sensitivity to context may be more easily generalizable, but context-specific indicators are necessary in contexts where verbal talk is less prevalent, like embodied learning.








4.1 How researchers' choices shape understanding of group work (RQ1)


4.1.1 Level of analysis

COPIE-STEM measured engagement at an individual level, while GDE measured engagement at a full-group level. This meant that procedurally, as we coded using COPIE-STEM, we went through the video at least the number of times as there were students in the group, with a focus on a different student in the group each time. In comparison, while using GDE, we focused on the interactions between the group members, which often led to fewer watches.

Taking these individual and group level lenses to the data often resulted in different perceptions of students and what was going on from a learning perspective in given segments (see Figure 5 for the individual- and group-level codes assigned to this segment). COPIE-STEM made visible differences in individual's contributions to the group. Across the GEM-STEP data, Bob had the highest levels of constructive and interactive engagement in the group, followed by Sarah, and then Max, and then Peyton, who did not show any evidence of these dimensions (Figure 5). This was evident in the following exchange, where Bob and Sarah both engaged interactively with each other as they thought constructively about what happens during decomposition in order to determine which agents were producers, consumers, and decomposers (Table 4).



TABLE 4 Transcript from a segment of the planning episode during GEM-STEP.



	Student
	Speech





	Bob:
	No, the worm's a decomposer



	Sarah:
	Yeah, and then the bunny



	Bob:
	The plant



	Sarah:
	Wouldn't the bunny be a



	Bob:
	Technically, it kind of is a producer, but it's only producing poop



	Sarah:
	Yeah, but then the poop would go into the soil



	Bob:
	No, but the worm has to decompose it







During this exchange, while Bob and Sarah were the only ones speaking, Max was also actively engaged: she looked at the speakers and at the picture of the model they were referencing. Peyton showed signs of both active and passive engagement– at times she listened and watched intently, while at other times she was turned away. COPIE-STEM made visible these individual contributions that each of the four students made to the sensemaking and the ways that the quality of their verbal contributions shifted over the course of the episode.

Looking at this same episode from a group level using GDE, engagement appeared to be quite high. Behavioral engagement was coded as high (because the content of the group's talk was on task), as was collaborative and socioemotional engagement (because the group was respectfully debating an idea amongst themselves). Therefore, taking a group level approach provided analysts with a broad idea/general feel of how things were working without unpacking any apparent differences across students. Ignoring these differences might be acceptable depending on the research question, but obscured Max and Peyton's lack of verbal contributions. Using GDE might lead analysts to explore how features of the task supported this high group-level engagement, while using COPIE-STEM might lead analysts to investigate how the task enabled these differences in engagement across the students.



4.1.2 Multidimensionality

COPIE-STEM measured one dimension of engagement (cognitive), while GDE measured five dimensions (behavioral, socioemotional, collaborative, metacognitive, and disciplinary). This meant that looking at codes alone, the information that analysts could perceive about students’ engagement during any given time segment was very different, and sometimes contradictory. An analyst using only COPIE-STEM would conclude that a group was disengaged or less engaged, while an analyst using only GDE would conclude that the same group was actively collaborating, and each would pursue a different next analytic step or claim about the group's collaboration.

For example, in EcoJourneys Episode 1, there were two segments where some students were coded as passively engaged (the lowest level of cognitive engagement), but there were high ratings on some GDE dimensions. Tom had opened a seemingly irrelevant picture on his computer, and nudged Jack to look. Since the questions in Deduce require all students in the group to express agreement, without Tom's participation, the group could not proceed, and this led Mary and Lisa to stop actively playing the game. Thus, based on COPIE-STEM's focus on the cognitive dimension, all the students were tagged as “passively engaged” at some point.

However, the majority of the group did attempt to maintain the flow of collaborative work, which was missed by attending only to cognitive engagement. For example, Jack tried to redirect Tom's attention by reminding him of the question, “Tom, greenish-brown and cloudy! This question!” The GDE framework noted that there was both a drop in behavioral, collaborative, and disciplinary engagement, and a rise in metacognitive engagement (as students tried to redirect Tom's attention) and socioemotional engagement (there were signs of good-natured and friendly interactions during and after the off-task behavior). This highlights the importance of recognizing the complex interplay between different dimensions of engagement. Returning to our goal of ensuring equitable participation, only examining cognitive engagement missed the contextual reasons why Mary and Lisa had stopped playing, as well as their efforts to redirect Tom's attention, and might lead to a potentially unfair deficit view of these students' engagement. Additionally, it suggests that brief off-task interactions should not always be seen as a negative aspect of group work as they might become an opportunity for students to build social connections, which can ultimately enhance their collaborative performance. Therefore, in this segment, taking a multidimensional approach to engagement enabled us to have a more contextualized view of “passive engagement”.

Returning to RQ1, this means that researchers' understanding of group work in CSCL environments depends on which dimensions and assumptions about engagement their coding scheme includes. A single-dimension scheme like COPIE-STEM risks missing the collaborative or socioemotional context that explains why a student appears disengaged, while a multidimensional group-level scheme like GDE risks masking individual struggle that a single-dimension scheme would catch.



4.1.3 Segmenting

Both COPIE-STEM and GDE required segmenting the videos using a fixed amount of time (1 min and 2.5 min segments respectively). While using GDE, we found that the longer segments often led to many moderate ratings because both low and high indicators were present in one segment. This is partly a consequence of how quickly engagement shifts in collaborative settings within a single 2.5-minute window, the result is often a moderate code that reflects the average of what occurred, which risk of flattening meaningful transitions into a single rating. This was also evident in coding collaborative engagement in EcoJourneys, which was coded as moderate for the entirety of Episode 2 (Figure 5). This meant that segments that looked qualitatively different to us in terms of collaboration ended up with the same moderate code. In the second segment, all four students in the group worked to decide on answers to questions. For example, Tom proposed an answer, “It's more”, which Lisa confirmed “more”, and then Mary requested elaboration “more and what?”, to which Jack responded “more and mixing”. This interaction was characteristic of their collaboration patterns across the segment, which was coded as moderate because although the students did not provide rationales for their answers, they made efforts to solicit perspectives and consensus. Contrastingly, in the third segment, which also received a moderate code for collaboration, there was limited coordination/checking of answers with the group. Instead, Mary, who the computer assigned to type the answer to the question, was just given and took up answers from the other students (e.g., “just put oxygen”). The first response being taken as the group response was one of the indicators of moderate on the rubric. Therefore, while collaboration looked quite different in these two segments, they were both labeled as moderate. We believe that with shorter time segments, it would have been easier to identify low and high collaborative engagement, rather than all the segments having intermittent or mixed interactions that led to moderate codes.

While both coding schemes used fixed-interval a priori segmentation, our analysis highlighted how the kind of engagement present was related to the task structure and the facilitation. For example, in the beginning of the GEM-STEP planning episode, as the facilitator was framing the task, engagement from a COPIE-STEM perspective was limited to active and some constructive dimensions, consistent with what we might expect as this portion of the activity was facilitator-led. As the conversation continued, students began to engage interactively with each other; however, interactive engagement did not occur in segments 6–9 for any of the students, perhaps because students were answering the facilitator rather than reasoning with each other. This raises questions about what contextual and task factors mediated students' level of cognitive engagement, what prompted change between levels, and whether segmenting by task structure may reveal different patterns than segmenting arbitrarily. We argue that pinpointing where these moments of change occur in the data via coding can offer analysts jumping-off points for deeper qualitative exploration of the moment-by-moment interactions that may have contributed to increased quality of cognitive engagement in discussions.



4.1.4 Theoretical framework

According to the authors of the two coding schemes, COPIE-STEM was designed from a cognitive perspective, while GDE was designed from a sociocultural one (Hsiao et al., 2022; Rogat et al., 2022). This difference manifested primarily in how the two coding schemes treated context. The indicators of engagement from a cognitive perspective in COPIE-STEM did not consider the activity or interactional context. In order for students to be coded at the highest level of cognitive engagement (interactive engagement), they needed to ask or answer questions regarding the learning materials. However, in portions of both GEM-STEP and EcoJourneys, the activity design did not afford opportunities for this kind of participation. In the GEM-STEP embodied modeling episode, students were oriented towards creating the model with their movements rather than discussing it. In EcoJourneys Episode 1, students were expected to remain quiet during individual investigation segments of the game. As such, students received low cognitive engagement ratings, even though they may have been engaged cognitively in ways that were not visible through their talk. Neglecting to take context into account may lead to deficit views of learners, in which their apparent “failure” is due to their own abilities rather than the ways that the contexts in which they are situated influence their participation and achievement (Lee, 2008).

Thus, in embodied contexts, indicators of high-quality cognitive engagement may need to include embodied elements like gaze, gesture, or movements that correspond to inquiry. The primacy of verbal contributions as indicators of cognitive engagement somewhat limited how much this coding scheme could reveal about the conceptual work students were engaged in during embodied phases of activity. Had coding focused on the ways in which students' movements demonstrated understanding, prompted conversation, or impacted the projected model, engagement would likely have looked very different. For example, as Bob controlled the bunny, he noticed that the plants that he was eating were not healthy, and asked Sarah, Max, and Peyton (the worms) to visit the plants. This utterance was coded as constructive, but not as interactive, because the other students did not respond to him verbally, but instead adjusted their movements to try to give nutrients to the plants. However, students were interacting through their actions. In contrast, students' disciplinary engagement (as rated by GDE) was considered high during embodied modeling, as the coding scheme required understanding what counted as disciplinary in context. Seeing low versus high engagement with the scientific content would lead researchers in very different directions for next analysis steps. This contrast reflects what each scheme was built to track guided by their theoretical orientation. COPIE-STEM centers on individual responses, while GDE centers on group-level disciplinary activity that heavily depends on how the task was structured.




4.2 Challenges of adapting engagement coding schemes across contexts (RQ2)

In this section, we explore some of the challenges that arose by using the coding schemes across different CSCL contexts for which they were not initially implemented.


4.2.1 Inconsistency in coding across activity structures

First, there were challenges in maintaining consistency in how dimensions were coded across activity structures, which continues to raise questions about the universality versus context specificity of coding schemes and their indicators. For example, student-led collaborative talk may not have the neat question-and-answer format that characterizes traditional teacher-led discussions, and so indicators of productive engagement may need to be adjusted to capture what high-quality engagement looks like in these more dialogic problem-solving interactions. Even though GDE was developed for student-centered inquiry contexts, we still needed to discuss what counted as the presence of different dimensions in each project context. This was particularly evident when coding disciplinary engagement across contexts, which requires coders to have working knowledge of the disciplinary content students are engaging with at the moment of interaction. Indicators of disciplinary engagement, such as the use of scientific terminology, the application of evidence to support a claim, or the construction of causal explanations, are inherently context-specific, because what counts as evidence-based reasoning in one task may look quite different from what counts as such in another.



4.2.2 Reliability challenges in the metacognitive dimension

Achieving reliability was also challenging, especially in measuring engagement in the metacognitive dimension. Metacognitive engagement refers to the degree to which students are aware of and able to regulate their own learning processes, such as setting goals, monitoring progress, and evaluating their own learning. During the training process, we had disagreements about whether students could demonstrate their metacognition through talk or observable behaviors. This disagreement was especially salient in episodes 1 and 2 from EcoJourneys, where student talk was often minimal or absent for stretches of the activity (Figure 5). In these moments, coders had to decide whether nonverbal indicators, such as a student's gaze shifting to a previous step or a gesture toward an upcoming task, were sufficient evidence that the student was aware of and monitoring their own learning process, or whether metacognition required some verbal trace to be coded with confidence. While we were able to clarify and agree on the final coding, it was still challenging to decide on codes.

Moreover, metacognitive engagement was used in this analysis as part of a group-level coding scheme, however, it was rare to observe indicators of metacognitive engagement from all students in a group. For example, in one segment from EcoJourneys, a single student demonstrated clear metacognitive regulation by announcing a shift in the group's process, saying “next we are going to do Deduce”, but no other group member verbally took up or responded to this statement. In a case like this, it was unclear whether the group as a whole should receive credit for metacognitive engagement on the strength of one student's contribution, or whether the absence of uptake from other members meant the group's shared awareness and regulation of the task could not actually be confirmed. This limitation can make it difficult to accurately measure metacognitive engagement across all group members, which may impact the validity and reliability of this dimension of the coding scheme. These disagreements also point to how coders' own assumptions about what counts as metacognition shaped the codes we ultimately applied.



4.2.3 Mismatch between fixed-interval segmentation and activity structure

Another challenge concerned the fixed-interval segmentation that both coding schemes required. Because COPIE-STEM and GDE were each developed with a different fixed segment length in mind, reflecting the activity structures of their original contexts, applying either scheme's native interval to a new context risked cutting across the activity's own structure. Figure 5 makes this mismatch visible. This mismatch also limited direct comparison between the two schemes within our own data. Because COPIE-STEM and GDE segment time differently, a single classroom episode could be parsed into different units depending on which scheme was applied, so an engagement code assigned under one scheme did not necessarily correspond to the same stretch of activity as a code assigned under the other. In our GEM-STEP data, segments that spanned the boundary between facilitator-led framing and student-led discussion mixed engagement signals from both portions, which made it harder to attribute a code to either part of the activity with confidence, and harder still to align that judgment with how the other scheme had segmented the same moment. Adapting a coding scheme to a new context may therefore require revisiting not just its indicators, but also its assumptions about how the activity itself is organized in time, particularly when the goal is to compare engagement across schemes rather than apply just one.



4.2.4 Theoretical grounding and portability across contexts

As noted above, the two coding schemes’ theoretical groundings also created different cross-context risks. Because COPIE-STEM is grounded in a cognitive perspective, it treats its indicators of engagement as properties of the individual learner that should be visible regardless of setting, which is what made it portable enough to apply directly to both GEM-STEP and EcoJourneys, but also what made it insensitive to the embodied and computer-mediated activity designs in which talk was not the primary mode of participation. GDE's sociocultural grounding, by contrast, treats engagement as constituted by the interactional context, which made it more sensitive to context-specific group activity but meant that applying it to a new setting required us to first determine what counted as disciplinary or collaborative in that particular activity, a determination that the framework itself does not specify in advance. As Table 4 summarizes, the cognitively-grounded scheme travelled across contexts more easily but flattened context-specific meaning, while the socioculturally-grounded scheme preserved context-specific meaning but required more interpretive work from coders before it could be applied at all.





5 Discussion

In this article, we coded the same data from two CSCL contexts with both a cognitively-grounded engagement coding scheme (COPIE-STEM) and a socioculturally-grounded coding scheme (GDE), with the intention of exploring the unique affordances of each and their potential synergies. As expected, COPIE-STEM oriented us towards the extent to which students engaged with surface level versus deep processing strategies. GDE also provided a level of disciplinary engagement with the content but expanded engagement to be distributed across the group and to include socioemotional and collaborative dimensions, echoing arguments that disciplinary engagement is jointly constructed rather than held by any one student (Agarwal and Sengupta-Irving, 2019; Engle and Conant, 2002; Gresalfi et al., 2009). However, in addition to differences in theory, the coding schemes also told different (sometimes complementary, sometimes contradicting) stories about engagement because of their differences in level of analysis, number of dimensions, and way of segmenting the video. This divergence speaks directly to an open debate in the engagement literature. Some researchers argue that engagement's dimensions are so intertwined that separating them is not analytically productive (Bergdahl et al., 2018; Renninger and Bachrach, 2015), while others treat them as distinct enough to measure independently (Fredricks et al., 2004). Our comparison suggests the answer is less a matter of which position is correct than a demonstration of Azevedo's (2015) caution that two studies invoking “engagement” may not be describing the same construct at all, even when coding identical footage. Together, the coding schemes provided a fuller picture of how individuals functioned within the group and how different dimensions of engagement interacted to produce moments of high-quality and low-quality engagement. We see here a connection to and the promise of exploring ways of traversing and synthesizing levels of analysis (Stahl, 2012; Stahl and Öner, 2013) and how we might productively pair coding schemes together during analysis.

It is important to note that the metacognitive dimension showed the lowest inter-rater reliability among all coded dimensions (Krippendorff's α = 0.05; Table 2), indicating effectively chance-level agreement between coders. We therefore treat this result as a methodological caution rather than a substantive finding. Patterns involving metacognitive engagement in this dataset should not be interpreted as stable or dependable, and we highlight this reliability challenge for researchers considering the application of GDE's metacognitive dimension, particularly in new contexts (see Section 4.2.2 for a discussion of the specific sources of coder disagreement). One possible explanation for this low reliability is the study's reliance on video data alone. Metacognitive engagement often involves processes that may not be directly observable through students' verbal and behavioral activity, making it particularly difficult to infer consistently from video (Järvelä et al., 2023). Research (e.g., Järvelä et al., 2023; Sharma et al., 2024) on adjacent constructs, such as socially shared regulation, similarly suggests that capturing regulatory and metacognitive processes may require integrating multiple sources of evidence such as log-trace and self-report data, alongside video to support more reliable identification of metacognitive engagement.

Additionally, there were significant challenges in applying both coding schemes to each context, raising questions about the context-dependency of indicators of engagement, consistent with arguments that what counts as engagement cannot be read off behavior alone but depends on the field of practice in which that behavior occurs (Godec et al., 2018), and that engagement is produced dynamically through the interaction of learner and environment rather than residing in the learner alone (Ryu and Lombardi, 2015). For example, in COPIE-STEM, constructive and interactive engagement required extensive student discussion. Yet, in computer-mediated environments like EcoJourneys and embodied environments like GEM-STEP, verbal talk may not be sufficient as an indicator of high-quality engagement. GDE included indicators like physicality and gaze, but it was difficult to obtain high reliability across coders for several dimensions. We noticed that the coder who was present at the data collection was able to rely upon extra contextual information and understanding of the activity in order to make coding decisions. This is consistent with Elliott's (2018) accounts of qualitative coding as a decision-making process in which choices about how to segment and interpret data are made by individual researchers in light of their methodological background, research design, and research questions, rather than by applying a fixed, study-independent rule set. This also highlights how the understanding and analysis of engagement is situated in particular interactional contexts, and that the researcher is also a part of this dynamic context, even as sideline observers. Consequently, researchers attempted to reconstruct some of these contextual factors during analysis, and the choices we made as researchers in selecting, adapting, and applying each coding scheme were themselves part of what shaped the engagement we were able to see.

In respond to the calls for equitable participation (e.g., Culver et al., 2024; Jennings et al, 2025; Neill et al., 2019) that motivated our study, our findings suggest that the two coding schemes captured, missed, and represented different aspects of how students engaged in small groups. COPIE-STEM captured individual variation in verbal contribution but, on its own, could miss group-level processes such as the socioemotional work that supports participation, while GDE captured the collaborative climate of a group but could mask individual students whose contributions fell away from view, a concern consistent with calls to attend to how power and positioning within a group shape whose disciplinary engagement gets recognized as such (Agarwal and Sengupta-Irving, 2019). For researchers interested in equitable participation specifically, this means that a coding scheme chosen without attention to these tradeoffs risks either overlooking students who are quietly excluded within an apparently engaged group or overstating the significance of an individual's silence without considering the group context that produced it.

Our findings also speak back to the broader engagement literature and the sociocultural perspectives raised in our literature review. Where Fredricks et al. (2004) and others treat engagement's dimensions as conceptually distinct, our results align more closely with sociocultural arguments that knowing, and by extension engagement, is a joint accomplishment of learner and context rather than a property held within an individual mind (Greeno et al., 1996; Sfard, 1998), and that engagement is constituted in and through interaction (Ryu and Lombardi, 2015). The same moment of group activity supported different readings depending on whether the coding scheme attended to individual cognition (Case, 1996) or group-level disciplinary participation, a divergence that echoes Azevedo's (2015) point that “engagement” is not a single construct waiting to be measured more or less accurately, but a family of related constructs whose boundaries are drawn differently by different theoretical commitments.

Putting these coding schemes side-by-side made it clear that engagement at a group level is not equivalent to the sum or average of each individual's engagement. We therefore argue that how we label moments matters. Rather than using words like “off-task” or “disengaged”, we suggest that it is important to take an asset-based approach to inferring and interpreting activity in the video (Jennings et al., 2025; Ocumpaugh et al., 2024). As we look toward future measures of engagement, we argue that it is important to understand both individual and group levels, and how learners' engagement flows between these levels across different dimensions.

Finally, looking across theoretical frameworks reminds us that some of the assumptions we make when we develop coding schemes are not “required” by the framework (e.g., foregrounding embodiment, using codes that background history, prior knowledge, or the sociocultural context). Our analysis demonstrated that different ways of coding engagement in video obscure or make visible different understandings of the group work, and looking across these understandings makes the analysis richer.


5.1 Limitations and future directions

There are several limitations and future directions for this work. Most fundamentally, this study is exploratory in scope. We coded only 12 min of video from each context, a sample selected specifically to allow a close, contrastive comparison of how two coding schemes handled the same stretches of activity. Given this small, purposively selected sample, the frequencies, dimension scores, and reliability statistics reported throughout this article should be read as illustrative of the methodological and conceptual tensions we set out to investigate, not as stable, generalizable estimates of how students engage in these two contexts, let alone in similar learning environments more broadly. The brevity of the dataset also constrained the range of behaviors coders had the opportunity to observe within each dimension: several dimensions, including metacognitive engagement, showed little variability across the 12-minute segments, which in turn depressed the reliability statistics we were able to compute and made it difficult to distinguish genuine coding disagreement from the effects of a small number of codable instances. Future work applying and comparing these coding schemes should draw on longer and more varied samples, ideally spanning multiple sessions per context, both to establish more stable reliability estimates and to determine whether the patterns we observed here hold at scale.

Additionally, in this study, we selected only one sociocultural and one cognitive coding scheme, and we wonder how tied the findings are to the coding schemes and theoretical groundings themselves. For example, COPIE-STEM only considers cognitive engagement, but there are cognitively grounded coding schemes that also include emotional engagement (e.g., Sun et al., 2022). It would be interesting to explore dimensions in addition to cognitive engagement at an individual level. Moreover, using these two frameworks in an embodied learning context helped to highlight that embodiment is present to varying degrees in all contexts, but often not attended to in coding. This suggests that it could be useful to explore a framework designed for use in these contexts (e.g., Danish et al., 2022), but also that researchers using non-embodied frameworks think about what might be getting hidden by excluding embodied indicators of engagement.




6 Conclusion

We conclude by offering researchers key questions to ask when designing or selecting an engagement coding scheme:


	What kinds of engagement seem relevant to your research question? This question can help researchers to decide which and how many dimensions of engagement to include in their coding scheme. We have identified and shared a complex interplay between disciplinary, socioemotional, and collaborative dimensions. In some cases, awareness of the socioemotional climate helped us to understand why a student may have been pulling back, but in other cases, it was seemingly unrelated to cognitive or disciplinary engagement in a given moment. Including more dimensions can help to answer why and how questions around cognitive engagement, while focusing on a single dimension can be useful for a focus on what that engagement looked like.

	Who and what are your findings for? Are you studying engagement in order to support teachers in knowing which groups might need more or less scaffolding or support? This focus might necessitate a group-level focus on behavioral or cognitive engagement. Are you studying engagement in order to theorize the relationship between learning and engagement for researchers? This focus might necessitate interrogating your definitions of learning and choosing a theoretical framework that aligns. In our data, COPIE-STEM's individual codes and GDE's group-level disciplinary codes surfaced different things for this reason, not because one scheme was more accurate than the other.

	How much time do you have? Adding dimensions, decreasing the size of the segments, and focusing on each individual rather than the full group naturally increases the time that it takes to conduct the analysis. It is important to balance researcher time with what each of these decisions are doing for you methodologically, and to make the decision that will help you to thoroughly answer your research questions without creating potentially unnecessary extra work. We saw this directly in our own segmenting decisions, where shorter segments would likely have taken more coding time but would have separated qualitatively different collaboration patterns that our longer segments collapsed into the same moderate code.

	How does your theoretical framework intersect with your methodological choices? We went into this analysis with the intention of exploring the unique affordances and potential synergies between cognitive and sociocultural theoretical perspectives on engagement. Yet, we found that selecting a coding scheme based on theory alone did not account for all the ways in which they varied methodologically. It is important to consider how your theoretical framework might (mis)align with how coding schemes treat context, the level of analysis, and/or the dimensions included. Who is doing the coding, and what they bring to that role, is part of this alignment too.



Our analysis demonstrated the importance of distilling methodological decisions in relation to engagement. While COPIE-STEM and GDE oriented analysts to different elements of the group work, we do not intend to argue that one was objectively better or worse than another. Instead, we encourage researchers to think deeply about and articulate their decision making in defining and measuring engagement, towards clarity as a field in making sense of engagement in classroom video.
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