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Abstract 

This scoping review aims to provide an overview of how multimodal learning analytics has been applied in K–8 

research and offers methodological insights and recommendations to bridge the gap between theory and practice. 

We identified 14 peer-reviewed empirical studies published between 2011 and 2023 through searches in relevant 

databases and reviews of journals that publish multimodal learning analytics–related research and publications from 

leading researchers in the field of multimodal learning analytics. The results revealed that 1) the application of 

multimodal learning analytics in K–8 research is varied; 2) even though studies explicitly stated how multimodal data 

were collected and analyzed, they rarely mentioned the data fusion techniques and its process, and ethics and 

transparency; and 3) multimodal learning analytics has the potential to improve learning outcomes, but more 

guidance and shared understanding are needed to conduct sound research using multimodal learning analytics. 

Implications and recommendations are provided. 

 

Notes for Practice 

• A small portion of MMLA research has focused on K–8 students. Our scoping review also 
underscores the continued need for further research in this area. 

• Results support that intentional design is essential in MMLA research to make informed decisions 
about selecting and integrating different modes of interaction that best capture student learning 
processes. 

• Our study suggests that conversations around data ethics, bias, and transparency are lacking, as 
these issues were frequently reported to be somewhat limited in MMLA studies. 

• Transparency in reporting is critical in MMLA to enhance readers’ understanding of the data 
collection, integration/fusion, and analysis processes. Our review also highlights the need for a 
shared understanding of the data fusion process and reporting guidelines. 

• How MMLA supports complex learning processes and informs learning experience design is unclear. 

• We propose that MMLA enhances our understanding of complex learning processes; however, a 
collaboration between researchers with strong computational experience and learning and cognition, 
as well as educators, is needed to make sense of multimodal data and data analytics, as well as how 
MMLA informs the learning experience design. 
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1. Introduction 

Multimodal Learning Analytics (MMLA) is a growing field within learning analytics (LA) that seeks to understand how 

learning can be studied through multiple modalities (Worsley et al., 2021). MMLA, being a specialized form of LA, involves 

“the measurement, collection, analysis, and reporting of data about learners and their contexts, for purposes of understanding 

and optimizing learning and the environments in which it occurs” (Siemens & Gašević, 2012, p. 1). Through a variety of 

techniques (e.g., sensor technologies and wearable recording devices), MMLA enables researchers to capture fine-grained data 
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from multiple sources such as speech, text, and human action. By combining these analyses, researchers can have a nuanced 

understanding of how participants make meaning in a given situation (Abrahamson et al., 2022). 

A decade of work on MMLA has resulted in diverse research practices. Several scoping and systematic reviews have 

expanded the breadth of research, each addressing specific themes within the field, such as ethics, bias, trustworthiness, and 

the application of MMLA in classroom settings (Alwahaby et al., 2022; Crescenzi-Lanna, 2020; Mu et al., 2020; Oviatt, 2018; 

Prinsloo et al., 2023). Building upon areas identified as under-researched in previous reviews, our study aims to critically 

analyze how these areas have evolved, focusing on emergent trends, gaps, and limitations. Unlike the reviews mentioned 

above, our focus is specifically on the application of MMLA in K–8 educational research, responding to a reported need for 

studies conducted in K–8 settings (Crescenzi-Lanna, 2020; Alwahaby et al., 2022). Therefore, this review identified trends and 

gaps across various aspects, including data collection tools, choice of data sources (e.g., behavioural, physiological), data 

analysis methods (e.g., supervised vs. unsupervised machine learning algorithms), outcomes, and ethical considerations within 

K–8 education. These findings contribute to the growing interest in MMLA and aim to bridge the gap between theory and 

practice, offering a recent perspective on leveraging MMLA in educational research. 

2. Characteristics of Multimodal Learning Analytics 

Recent technological advancements enable researchers to capture fine-grained data from multiple sources such as speech, text, 

and human action through diverse techniques (e.g., sensor technologies and wearable recording devices; Abrahamson et al., 

2022). MMLA, therefore, offers researchers a variety of ways to combine those different modes of data to have a more nuanced 

understanding of a learning phenomenon (Worsley et al., 2021). Approaches such as text and speech analysis can be combined 

with gesture analysis to understand how participants make meaning in a given situation. Within each of those analyses lie a 

variety of computational techniques that could be employed to understand how learning is taking place (see Blikstein & 

Worsley, 2016; Spikol et al., 2017). For example, Spikol et al. (2017) collected high-frequency data across modalities such as 

face tracking, hand tracking, and interactions with the visual programming interface Arduino to study learners’ group 

interactions. The authors found that the distance between learners’ faces and hands is one strong indicator of group success 

when working on collaborative projects. Emerson et al. (2020) similarly explored how the combination of different multimodal 

data (MMD) can help predict learner performance and interests during game-based learning (i.e., learning environment: Crystal 

Island). They found that combining facial expressions and gameplay behaviour data increases the predictive power of the 

models that explain learner performance compared to behaviour-only data, while gaze data decreases the models’ performance 

in models that utilize facial expression and gameplay behaviour data. Overall, these studies suggest how scholars have become 

increasingly interested in studying learning through various modes of interaction and taking advantage of technology and the 

latest developments in educational research, such as the use of machine learning to support MMLA. 

Over the years, several attempts have been made to consolidate these practices and to characterize the domain. Most 

recently, Worsley et al. (2021) proposed 12 commitments for conducting high-quality MMLA research, which are grouped into 

three major categories: 1) data collection, 2) analysis and inference, and 3) feedback and data dissemination. Unlike previous 

studies that focus on a few prominent aspects of MMLA research (e.g., data fusion, transparency, and ethics), Worsley et al.’s 

commitments provide a comprehensive guideline for MMLA research to improve the rigour, impact, transparency, and ethics 

of MMLA studies. Thus, Worsley et al.’s commitments were used to inform this scoping review, serving as an overarching 

guideline when coding included studies, enabling us to analyze multiple and encompassing characteristics of those studies. 

Additionally, our review incorporates literature that adds to these commitments, expanding on specific aspects of MMLA 

research, including data analysis, multimodal data sources, data fusion, and transparency. The following section provides a 

summary of each commitment area, along with additional literature that supports the findings of Worsley et al. (2021). 

2.1. Data Collection 

The commitments related to data collection include MMD collection, authenticity of experiences, data privacy, and ethics. 

Unlike traditional LA and educational data mining (EDM) research, MMLA emphasizes using MMD (e.g., behavioural, 

physiological) to gain insights into interactions in collaborative learning environments (Alwahaby et al., 2022; Worsley et al., 

2021). This, in turn, provides researchers with unique perspectives beyond log data analysis by monitoring student learning 

behaviours (e.g., collaborative learning behaviours, motivation, engagement) over time to provide support (Emerson et al., 

2020) and inform learning experience design (Blikstein & Worsley, 2016; Vujovic et al., 2020; Worsley et al., 2021). To collect 

in situ, naturally occurring, and emergent data that highlight the authenticity of experiences, MMLA systems should be 

integrated into authentic, real-classroom settings. However, it is important to note that incorporating MMLA into real 

classrooms involves distinct research considerations, as classroom interactions play out differently than in laboratories. Thus, 

decisions such as choosing tools that are minimally invasive, and that benefit classroom participants gain more prominence in 

authentic settings (Worsley et al., 2021). 

Despite the advantages of collecting MMD, significant concerns about ethics and data privacy arise (Worsley et al., 2021). 

While these concerns apply to any LA system, particularly sensor data carries an added significance due to the personal data it 
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captures (Alwahaby et al., 2022). Moreover, MMD also raises concerns about data surveillance because of the systematic 

survey of learner behaviours and potential bias embedded in the computational methods used for analysis (Cukurova et al., 

2020). Therefore, there is a strong need for more concrete guidelines related to data ethics, privacy, and surveillance during 

data collection, pre and post-processing, analysis, and interpretation in MMLA for researchers and participants (Alwahaby et 

al., 2022; Beardsley et al., 2020; Cukurova et al., 2020; Worsley et al., 2021). 

2.2. Data Analysis and Inference 

These commitments focus on data fusion techniques and data analysis in MMLA research. Data fusion involves combining 

data from different sources at different stages of data processing to create a unified data set. This remains a key challenge in 

MMLA due to integrating data of various forms and sizes as well as different approaches to data fusion (Chango et al., 2022; 

Mu et al., 2020; Worsley, 2014). For example, Mu et al. (2020) broadly categorizes fusion methods into three aspects: data 

type, learning indicators, and integration methods. Data type includes cross-type and non-cross-type data. Cross-type data 

combines different kinds of data such as digital and physical whereas non-cross-type data fuses similar types of data. Learning 

indicators are related to the constructs explored within the research questions — a single indicator (e.g., learning engagement) 

or multiple indicators simultaneously (e.g., collaboration and learning performance). Finally, integration methods are divided 

into three categories: 

1. Many-to-One, where multiple data forms inform a single learning indicator using a data integration algorithm to 

enhance measurement accuracy by assigning appropriate weights to different data types, considering their relevance 

to the learning construct. 

2. Many-to-Many, where multiple data forms are used independently to inform multiple learning indicators, providing a 

comprehensive understanding of the learning process without integrating different data types. 

3. Mutual Verification Between MMD, similar to data triangulation, which uses cross-validation to increase confidence 

in research findings. 

Another classification proposed by Worsley (2014) focuses on naïve fusion, low-level fusion, and high-level fusion. Naïve 

fusion, as the simplest fusion form, involves constructing multiple classifiers using aggregated features from different 

modalities. In naïve fusion, specific hypotheses are often not set for the study; instead, prior literature and researcher expertise 

guide the selection of modalities that might inform and complement each other. In low-level fusion, a common technique 

involves finding the most compatible time scale across different modalities for data integration — for data from each sensor, 

captured at potentially different scales, can be accurately combined. High-level fusion is a similar approach to low-level fusion, 

with one critical aspect marking the difference: conducting semantic analysis of the modalities before merging raw data from 

one or several data streams. 

Finally, Chango et al.’s (2022) classification focuses on the timing of fusion, namely early fusion (feature-level), later 

fusion (decision-level), and hybrid fusion. Early fusion involves fusing the data before the machine learning classifier phase 

whereas later fusion involves developing a classifier for each data source independently, followed by the fusion of predictions 

from different classifiers. And hybrid fusion includes both early fusion and later fusion during the fusion process (Chango et 

al., 2022). 

Overall, data fusion requires complex decisions and does not adhere to a one-size-fits-all approach. This process could be 

facilitated through collaboration between researchers with strong computational experience and a background in learning 

sciences. Equally important is transparency about data modelling, decision-making, and alignment with research questions and 

context (Worsley et al., 2021). 

As for data analysis in MMLA, the use of supervised and unsupervised machine learning, or a combination of both (i.e., 

semi-supervised learning), has shaped the current landscape of AI-enhanced MMLA. These machine-learning methods are 

primarily employed for the classification and prediction of data outcomes. Supervised learning utilizes a training dataset with 

pre-labelled data to classify new data into predetermined categories or predict continuous outcomes. In contrast, unsupervised 

learning does not require a pre-labelled training dataset; instead, it finds patterns and structures in the data without predefined 

labels. Within these broader categories of supervised and unsupervised learning, a variety of algorithms can be applied. For 

instance, supervised learning includes algorithms such as linear regression, support vector machines, and decision trees. Linear 

regression represents one of the most basic methods used in supervised learning algorithms for predicting a continuous variable 

(Boehmke & Greenwell, 2020), while Support Vector Machines (SVM) are mainly used for classification but can also perform 

regression. Decision trees are used for both classification and regression tasks. Algorithms such as k-means clustering and 

principal component analysis (PCA) are categorized as unsupervised machine learning models. Algorithms such as random 

forests and neural networks are typically used in supervised learning; however, they can also be used to perform unsupervised 

tasks. Random forests, which is an ensemble of decision trees, improve prediction accuracy over using a single decision tree 

model. Neural networks, which are more complex, excel at tasks that require image classification and speech recognition. 

Taken together, in addition to the complexities and different approaches to fuse MMD, analyzing different modalities and 

making sense of various data streams can also be challenging for researchers as well as other stakeholders (e.g., teachers). To 
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reduce complexity in data inference, researchers can narrow their focus by analyzing specific parts of the task or including 

research participants in the sense-making process (see Echeverria et al., 2018). Another approach can involve presenting 

research data and findings to participants, using video playback of their actions and facial expressions to facilitate discussions 

about their thoughts and feelings during different parts of a learning experience (Worsley et al., 2021). However, asking 

teachers and learners to make sense of data and data analytics poses significant challenges because of the amount of data and 

the fact that raw data is usually noisy (Di Mitri et al., 2018). 

2.3.  Feedback and Data Dissemination 

The commitments in this group aim to identify ways to represent data and MMLA findings to learners and other related 

stakeholders. These commitments highlight the need for providing users with access to data in useful multimodal 

representations and user-friendly interfaces to facilitate a deeper understanding of the materials and promote transparency 

(Alwahaby et al., 2022; Worsley et al., 2021) as well as to inform the learning experience design/redesign (Cukurova et al., 

2019; Martinez-Maldonado et al., 2020). According to Martinez-Maldonado et al. (2020), most current practices are limited to 

representing basic descriptive information (e.g., amount of speech) rather than helping teachers and students make sense of 

complex computational analysis and outputs. One approach could be using data storytelling and data visualizations to present 

complex MMD to teachers and students to communicate about the key events occurring during the collaborative process 

(Martinez-Maldonado et al., 2020). Some other approaches use tools such as discussion capture and real-time transcriptions to 

provide learners with access to valuable resources for revisiting and reviewing elements from their prior learning experiences 

(Worsley et al., 2021). Taken together, these commitments emphasize the need to leverage multiple sensory channels for 

delivering feedback beyond traditional written or verbal methods. By incorporating various modalities into the feedback 

process, MMLA tools can enhance the learning experience and cater to the diverse needs of learners, fostering more engaging 

and effective learning environments. 

3. Purpose Statement 

As previously mentioned, prior research has explored various aspects of MMLA, including research trends, applications, data 

fusion techniques, feedback and dissemination, and ethical considerations. We acknowledge the existence of previous review 

studies on MMLA, each with a focus on different aspects of MMLA. As detailed in Appendix A, while most studies included 

all age groups, a few, such as Crescenzi-Lanna (2020), specifically target children under six. Different from these reviews, our 

study focuses on the application of MMLA in K–8 educational research for several reasons. First, as discussed earlier, MMLA 

offers many affordances for understanding complex learning processes, which can significantly enhance the design of learning 

experiences. However, the collection of sensitive and personal data in MMLA studies raises important concerns about data 

privacy and ethics, especially when involving younger learners (see Crescenzi-Lanna, 2020). Moreover, data privacy and ethics 

are abstract concepts for K–8 students that can be difficult for younger children to understand and engage with (see Ocak & 

Caskurlu, 2024). This makes it crucial to carefully consider how data is collected, analyzed, and shared in ways that maintain 

ethical practices and respect the vulnerabilities of younger learners, while also communicating effectively with teachers and 

parents or guardians. Second, the cognitive abilities of K–8 students differ significantly from those of high school and college 

students. As highlighted by Vujovic et al. (2020), younger learners process information and engage with the physical 

environment differently, which makes it essential to tailor MMLA approaches to student developmental stages. Finally, MMLA 

outputs can be complex and difficult for educators (Martinez-Maldonado et al., 2020), let alone young students, to interpret 

and utilize effectively. Therefore, by focusing specifically on K–8, this review contributes to understanding how to adapt 

MMLA practices to suit the developmental needs and ethical considerations of this age group, ultimately supporting more 

responsible and effective use of MMLA in K–8 education. 

In addition to our K–8 focus, we also focused on studies that explicitly framed their design as MMLA. This focus stems 

from the importance of intentionality in MMLA research, which informs the selection and combination of different modes of 

interaction that best capture student learning (Worsley et al., 2021). Our scoping review, therefore, focused on studies with an 

explicit MMLA methodology, which was different from previous reviews that included both LA and EDM studies. Overall, 

based on the following research questions, this paper aims to provide an overview of characteristics of MMLA applications 

for the K–8 context, thereby offering recommendations for leveraging MMLA research and practice: 

● How has MMLA been applied in K–8 educational research on data collection, data analysis and inference, and 

transparency and ethics? 

○ What are the common study characteristics, data sources, and collection methods in K–8 MMLA research? 

○ What data analysis techniques, including machine learning and data fusion, are employed in K–8 MMLA 

research? 

○ How are ethical considerations, such as transparency and privacy, addressed in K–8 MLA research? 
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4. Methods 

In this paper, we selected a scoping review method. Scoping reviews help identify the scope of the existing body of literature 

on a phenomenon of interest and offer a systematic approach to 1) identify and map emerging evidence, 2) reveal ways in 

which research is conducted, and 3) examine the characteristics that establish the boundaries of the field being studied (Munn 

et al., 2018). Considering the increasing number of MMLA studies conducted with young children and the emerging challenges 

in fields such as ethics and data fusion — a need highlighted by several scholars since 2020 (e.g., Crescenzi-Lanna, 2020) — 

we aimed to establish the boundaries and limitations of prior and current MMLA research that are sensitive to the 

developmental and ethical needs of K–8 students. 

4.1. Sampling of Studies 

We screened studies published between 2011 and 2023, a time frame that marked the emergence of MMLA as a distinct 

research field (Worsley et al., 2021). To identify potential studies, we conducted searches in databases such as Web of Science, 

ERIC, ProQuest, and APA PsycInfo. We also performed manual searches on Google Scholar and reviewed relevant journals 

and websites (e.g., Society for Learning Analytics Research, International Journal of Child–Computer Interaction, Journal of 

the Learning Sciences, and British Journal of Educational Technology). Additionally, we searched for studies by leading 

scholars in the field of MMLA to identify further studies. 

We used the combination of following keywords, chosen based on the research team’s expertise and insights from a prior 

literature review: multimodal learning analytics (i.e., a variety of keywords on MMLA, for example, “multimodal learning 

analytics,” “MMD”) and the targeted population (i.e., the education level, for example, “elementary education,” “middle 

school”). Specifically, our database searches employed the following search query: (“multimodal learning analytics” OR 

“multi-modal learning analytics” OR “MMD” OR “multi-modal data” OR “artificial intelligence” OR “sensory data” OR 

“learning analytics”) AND (“K–8” OR “elementary education” OR “middle school” OR “elementary school”). 

We retrieved 7,071 records from the initial search and then screened the title and overall relevance. To be included in the 

review, a study had to 1) be a peer-reviewed journal article and/or conference paper; 2) be empirical; 3) be published from 

2011 to December 2023; and 4) include participants from K–8. Finally, we focused on studies that explicitly framed their 

research as MMLA since intentionality is a key factor that informs the selection and combination of different modes of 

interaction that best capture student learning (Worsley et al., 2021). The process is detailed in Figure 1. 

 

 
Figure 1. Study identification and selection process. 

4.2.  Data Extraction and Coding Process 

We developed the initial coding form inductively and deductively using a checklist developed by our research team (see Ocak, 

Caskurlu et al., 2023). The checklist was designed and developed using the following resources: 1) Worsley et al.’s (2021) 

twelve commitments for grounding MMLA research, 2) Chango et al.’s (2022) multimodal data fusion classification, 3) a 
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comprehensive literature review focused on multimodal data sources and its classification (e.g., Mu et al., 2020), 4) 

considerations related to transparency and ethics (e.g., Alwahaby et al., 2022; Ouhaichi et al., 2023), and 5) expert opinion. 

In our initial checklist, we identified five major areas frequently practised by MMLA researchers: intentionality, theory-

drivenness, nature of data, data collection and analysis, and ethics. Following the provided checklist, we developed and 

iteratively refined the coding form through recursive weekly meetings to discuss the items and ensure their clarity. The final 

coding categories included study characteristics (e.g., participants, learning environment), multimodal data sources, data 

collection channels, data analysis, machine learning algorithms, data fusion, and ethics. To note, the final category 

(i.e., feedback) was excluded due to a lack of information in the included studies. Our initial plan was to include strategies for 

providing actionable feedback and to explore how researchers offered MMLA feedback to help students and teachers interpret 

MMLA output effectively. However, most studies lacked this information, so we could not extract it from the included studies 

(this is discussed further in the discussion section). 

To ensure coding reliability, all three authors independently coded the five sampled studies. Subsequently, the third author 

coded the remaining studies, with the first and second authors reviewing the coding. Discrepancies were discussed and 

addressed, resulting in a final intercoder reliability of 100%. 

5. Results 

5.1.  Study Characteristics 

This section provides an overview of the characteristics of the included studies related to participants, learning environment, 

and theoretical perspective(s) applied/mentioned (detailed further in Appendix B). Of the 14 studies, 10 were peer-reviewed 

journal articles, and four were conference papers. Participant demographics included elementary school students (n=8), middle 

school students (n=3), and both elementary and middle school students (n=3). Regarding learning environments, seven were 

conducted in a school setting, two were in a laboratory setting, one was a gameplay either in school or home, and one both in 

a school and museum. Finally, the theoretical frameworks highlighted in the included studies are as follows: embodied 

cognition (Andrade, 2017; Lee-Cultura et al., 2022; scaffolding, informed by van de Pol et al. (2019; Ouyang et al., 2022); 

engagement, measured through motivation (Camacho et al., 2020); and cognitive load and multimedia learning (Lee-Cultura 

et al., 2022. 

5.2.  Multimodal Data Sources and Collection Channels 

As summarized in Table 1, the results showed that various modes were studied, either simultaneously or subsequently. We 

classified MMD based on where and how data were collected, as adapted from Mu et al. (2020), into the following categories: 

digital space (e.g., clickstream data), physical space (e.g., body posture, hand motion), physiological space (e.g., skin 

conductivity, heart rate), and psychometric space (e.g., measures of motivation). 

First, log data (n=8) was identified as the most common type of data collected in digital spaces. Log data were primarily 

used to track learner activities and behaviours, such as time spent in the environment, attempts at solutions, and/or errors made 

(Camacho et al., 2020; Moon et al., 2022; Nasir et al., 2021; Ouyang et al., 2022; Papavlasopoulou et al., 2021; Shin et al., 

2020). Log data collection included capturing interactions with computer-based systems and tracking hand gestures on devices 

(Shin et al., 2020) and recording student behaviours using wearable devices and smart objectives from physiological space 

(Camacho et al., 2020). Some studies utilized text data to analyze student interactions with tutoring systems (Min et al., 2019; 

Olsen et al., 2020). 

After log data, gaze data (n=7) was the next most used data source (Andrade, 2017; Andrade et al., 2016; Lee-Cultura et 

al., 2022; Min et al., 2019; Moon et al., 2022; Nasir et al., 2021; Olsen et al., 2020). The rationale for collecting gaze data was 

its suggested link to students’ cognitive and affective processes, such as attention and engagement (Min et al., 2019). 

Particularly with advancements in machine learning, which facilitate the collection and analysis of gaze data, there has been 

growing interest in this data source. For instance, Andrade (2017) utilized OpenFace, a deep-learning–based facial recognition 

software, to process eye gaze in recorded videos. Moreover, the tools for collecting gaze data have varied, including eye-

tracking devices like SMI Red on desktop computers (Olsen et al., 2020), and more recent innovations such as Tobii eye-

tracking glasses (Lee-Cultura et al., 2022). 

Additionally, some research explored embodied interactions within physical spaces. For example, Andrade (2017) analyzed 

hand gestures to investigate student understanding of system dynamics. Furthermore, five studies have utilized reciprocal 

dialogue and discourse data to examine the interaction patterns of individuals and groups in physical spaces, employing audio 

or video recording devices for this purpose (Aslan et al., 2022; Nasir et al., 2021; Ocak, Kopcha et al., 2023; Olsen et al., 2020; 

Ouyang et al., 2022). For capturing physical movement during collaborative activities, Vujovic et al. (2020) employed motion 

capture systems. 

Studies also gathered data in physiological spaces, often employing sensors and wearable devices (n=2). For example, 

Papavlasopoulou et al. (2021) used wristbands to monitor children’s physiological arousal during game play. Similarly, Lee-
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Cultura et al. (2022) combined wristband with Kinect and other MMD sources to capture play and problem-solving behaviours 

to explore their implications for learning. Finally, some studies (n=3) used pre- and post-test questionnaires (Andrade, 2017; 

Olsen et al., 2020) and questionnaires (Papavlasopoulou et al., 2021) within the psychometric space. These instruments 

measured such factors as perceived ease of use, enjoyment, game performance scores, stress levels, physiological arousal, and 

emotions. 

Table 1. Multimodal Data Sources 
  
 

 

 

 

 

 

 

 

 

5.3. Multimodal Data Analysis, Methods and Algorithms 

As with MMD sources and collection, the included studies employed a variety of methods for analyzing MMD (see Table 2). 

Among these, some studies (n=4) relied on conventional statistical analysis techniques including descriptive statistics (Aslan 

et al., 2022; Nasir et al., 2021), ANOVA (Ouyang et al., 2022; Vujovic et al., 2020), Kruskal-Wallis (Nasir et al., 2021), paired 

sample t-test, correlation (Papavlasopoulou et al., 2021), and computational techniques such as social network analysis and 

epistemic network analysis (Ouyang et al., 2022). 

In addition, the included studies showcased a variety of approaches and algorithms, spanning both supervised and 

unsupervised machine learning algorithms. Among the supervised models employed in six studies, long short-term memory 

(LSTM) networks emerged as one of the most frequently utilized models (Min et al., 2019; Olsen et al., 2020). Random forest 

was another frequently used algorithm. For instance, Lee-Cultura et al. (2022) leveraged random forest algorithms to explore 

the synergies between various data modalities and student play and problem-solving behaviours. In Moon et al. (2022), after 

testing multiple classifiers using different algorithms (kNN, random forest, decision tree, and logistic regression), random 

forest was chosen as a classification model because it resulted in the best performance. Decision trees were another supervised 

model used to identify and classify student behaviour patterns and engagement (Camacho et al., 2020). Lastly, Ocak, Kopcha, 

et al. (2023) applied a deep neural network to classify student interactions, captured in video data, into pre-identified labels 

based on a priori theory. 

Regarding unsupervised machine learning models (n=3), Andrade (2017) and Andrade et al. (2016) utilized hidden Markov 

models (HMM). Specifically, Andrade (2017) applied HMM to convert raw hands movement data into a vector of latent states. 

Andrade et al. (2016) also used the 3-cluster HMM algorithm to predict student behavioural frames gaze, gesture, speech, 

hedging, and frame during an interview. Finally, one study (Shin et al., 2020) applied different machine learning models to 

compare model performance. They employed logistic regression, support vector machine, decision tree, and random forests to 

compare them with baseline classifiers generated using synthetic minority over-sampling to distinguish between guessing and 

solution behaviour. Their results showed that random forest yielded the best performance in detecting guessing behaviours 

with motion features. 

 

 

 

 

Study 
Log 

Data 

Gaze 

Data 

Embodied 

Interactions 

Sensor 

Data 
Surveys 

Andrade (2017)  X X  X 

Andrade et al. (2016)  X    

Aslan et al. (2022)   X   

Camacho et al. (2020) X     

Lee-Cultura et al. (2022)  X  X  

Min et al. (2019) X X    

Moon et al. (2022) X X    

Nasir et al. (2021) X X X   

Ocak, Kopcha et al. (2023)   X   

Olsen et al. (2020) X X X  X 

Ouyang et al. (2022) X  X   

Papavlasopoulou et al. (2021) X   X X 

Shin et al. (2020) X     

Vujovic et al. (2020)    X   
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Table 2. Multimodal Data Analysis, Methods, and Algorithms 

 

 

5.4. Data Integration and Fusion 

As summarized in Table 3, although not explicitly reported — except in two studies (Moon et al., 2022; Olsen et al., 2020) — 

we observed the use of data fusion techniques in eight studies. We categorized these studies as employing early fusion, late 

fusion, or hybrid fusion as proposed by Chango et al. (2022). 

Table 3. Data Fusion Techniques 

 

Study 

 

 Fusion 

No 

Fusion 

Early 

Fusion 

Late 

Fusion 

Hybrid 

Fusion 

Andrade (2017)  (O)   

Andrade et al. (2016)  (O)   

Aslan et al. (2022) (O)    

Camacho et al. (2020)  (O)   

Lee-Cultura et al. (2022) (O)    

Nasir et al. (2021)  (O)   

Min et al. (2019)  (O)   

Moon et al. (2022)   (R)  

Ocak, Kopcha et al. (2023)  (O)   

Olsen et al. (2020)  (R)   

Ouyang et al. (2022) (O)    

Papavlasopoulou et al. (2021) (O)    

Shin et al. (2020) (O)    

Vujovic et al. (2020) (O)    

*Observed (O), Reported (R) 

The results showed that seven studies applied early fusion techniques, with one explicitly reported (Olsen et al., 20202) 

and six observed based on the reported data analysis process. Olsen et al. (2020) combined different modalities (e.g., gaze and 

audio data) to assess the predictive power of their model in learning gains and post-test scores. We observed that six of the 

 

Study 

Conventional 

Statistical 

Analysis 

Computational 

Analysis (e.g., 

ENA, SNA) 

Supervised 

Machine Learning 

Algorithms 

Unsupervised 

Machine Learning 

Algorithms 

Andrade (2017)    X 

Andrade et al. (2016)    X 

Aslan et al. (2022) X    

Camacho et al. (2020)   X  

Lee-Cultura et al. (2022)   X  

Nasir et al. (2021) X    

Min et al. (2019)   X  

Moon et al. (2022)   X  

Ocak, Kopcha et al. (2023)   X  

Olsen et al. (2020)   X  

Ouyang et al. (2022) X X   

Papavlasopoulou et al. (2021) X    

Shin et al. (2020)    X 

Vujovic et al. (2020) X    
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included studies (Andrade, 2017; Andrade et al., 2016; Camacho et al., 2020; Min et al., 2019; Nasir et al., 2021; Ocak, Kopcha 

et al., 2023) conducted some form of early data fusion with different forms of semantic analysis. For example, Andrade (2017) 

coded multimodal behaviour in video transcripts, such as body, gaze, gesture, hedging language, and speech, and then 

transduced those into categorical variables such as “making eye contact” and “looking at the material.” A similar type of fusion 

was observed in Ocak, Kopcha, et al. (2023), where they classified multimodal interactions in the video into pre-identified 

categories, such as the use of hands and body to represent numerical values, prior to training a deep neural network to label 

those interactions. Andrade (2017) employed multiple different techniques to interpret multiple modalities as a whole to address 

their research questions. Their analyses started with transforming simulation log data into vectors representing student hand 

movements. The computer tracked and predicted the direction of student hand movements (up, down, or static). They then 

converted these into vectors representing the student hand movements. This data was then used to identify behavioural clusters 

based on the motion patterns. Camacho et al. (2020) built a classification algorithm using multiple data streams to provide 

insights into student motivation and learning as they interact with smart objectives. In another study, Min et al. (2019), 

combined different data streams to evaluate model performance of three machine learning techniques. Finally, Ouyang et al. 

(2022) first transcribed classroom video, computer screen recordings, and audio data into Excel files and chronologically 

organized the data. Organizing the data into time-based segments provided a structured framework for analysis and facilitated 

temporal alignment. It indicates that the researchers deliberately engaged in the integration of MMD on very fine time scales, 

which could be considered as an early data fusion. 

Only one study, Moon et al. (2022), explicitly reported employing a decision-level fusion approach, where the student’s 

stress state, their outcome variable, was coded as binary (0 and 1) based on learner emotions, gameplay performance logs, and 

in-game actions. The authors then utilized a supervised machine learning classifier to fuse the metadata from each data source. 

Seven studies (Aslan et al., 2022; Lee-Cultura et al., 2022 Shin et al., 2020; Ouyang et al., 2022; Papavlasopoulou et al., 

2021; Ouyang et al., 2022; Vujovic et al., 2020) neither reported nor were observed to use any data fusion technique. However, 

some of them mentioned data triangulation. For instance, Vujovic et al. (2020) employed aggregate statistical measures 

(minimum, maximum, mean) to interpret correlations. The MMD from video and motion were kept separate; they were used 

for triangulation purposes. Likewise, Aslan et al. (2022) collected and analyzed MMD (audio and video) along with conducting 

observational interviews. Each modality was analyzed separately. Lee-Cultura et al. (2022) collected MMD using eye trackers, 

wristbands, Kinect joint tracking, and a web camera to measure young children’s task performance. The authors employed 

many-to-many mappings between the video codes and MMD measurements, suggesting that although no algorithmic 

integration of data was used, employing multiple types of data concurrently improved the richness of the information gathered. 

5.5. Transparency and Ethics 

We identified explicit descriptions of transparency and ethics in seven studies that applied various approaches: obtaining 

approval from ethics committees (n=6; Aslan et al., 2022; Lee-Cultura et al., 2022 Ocak, Kopcha et al., 2023; Olsen et al., 

2020; Ouyang et al., 2022; Vujovic et al., 2020), making their data available (n=2; Nasir et al., 2021; Olsen et al., 2020), 

sharing the network design including coding (n=1; Ocak, Kopcha et al., 2023), and informing participants and their 

parents/guardians and teachers about the research process (n=2), including potential benefits and risks associated with the use 

of technologies used to collect MMD (Lee-Cultura et al., 2022 Vujovic et al., 2020). Additionally, Lee-Cultura et al. (2022 

used the Moral-IT Deck tool to ensure the transparency of sensor data usage. 

6. Discussion 

This study provided an overview of how MMLA has been applied in K–8 research and offered recommendations about how 

MMLA can be leveraged in educational research. Regarding the common study characteristics, first, we observed that various 

modes — gaze, facial expression, discourse, gesture, and writing — have been studied both simultaneously and/or in a time-

series fashion to unfold student learning and cognition. These multiple modes of interaction have been collected through 

diverse channels, allowing MMLA researchers to gather insights from data that is not directly embodied; however, they still 

provide cues about learning, such as physiological data (e.g., heart rate, skin temperature) or digital trace data. This diversity 

not only enriches the data available for analysis but also opens new possibilities for understanding and enhancing complex 

collaborative learning processes. For example, the MMLA studies we reviewed captured data through multiple channels, such 

as sensor technologies, wearable devices, and video and audio recordings. One notable finding from the included studies is 

that certain combinations of modalities provide better model performance, depending on the context MMD collected from. 

For example, Olsen et al. (2020) found that combining various modalities, including gaze data (from eye tracking) and dialogue 

data (from audio recordings), enhanced the model’s ability to predict learning gains and post-test scores. Olsen et al. (2020) 

found that integrating audio and eye-tracking data was the most effective combination for prediction, among the combinations 

of audio-gaze-dialogue, audio-gaze-log, and audio-log. This might stem not only from the multimodal nature of the data but 

also from the unique insights emerging from the combination of each data stream (Olsen et al., 2020). 
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Another key finding from our study is the concern regarding the contexts in which MMLA research has been conducted. 

We observed that the majority of MMLA research has been conducted in laboratory settings, which may not have fully captured 

the complex interactions in real classrooms. Although lab research can be seen as a way of establishing ground truth or as a 

preliminary test space for what works in real classrooms, researchers need to be cautious about how they interpret the findings, 

keeping in mind that they might not fully reflect real practice. This is partially due to complex classroom dynamics that evolve 

over time, which might influence the outcomes of interventions. In this respect, Worsley et al. (2021) suggest avoiding seeing 

classrooms as “extensions of the laboratory” (p. 15); in real-world settings, MMLA research should gear towards minimally 

invasive interventions that align with the natural progression of learning in authentic environments. At the same time, several 

scholars have already suggested that in the current landscape little is known of the challenges that might arise from applying 

MMLA research in real-world contexts (Alwahaby et al., 2022). One concern is related to ethics, which plays out very 

differently in authentic settings compared to laboratories, potentially limiting MMLA’s implications for real-world practice. 

This invites researchers to consider the relevance of the MMLA research to participants’ lives. Overall, this suggests that 

designers need to consider the impact of context in MMLA research, along with the complexity of classroom interactions and 

ethical issues that might arise from its implementation. Moving forward, there is a clear need for more research conducted in 

authentic classroom settings to bridge the gap between research and practice (Cukurova et al., 2018) as well as to weigh 

contextual factors that have an impact on data collection and interpretation (Eradze et al., 2020). We also acknowledge that 

transitioning MMLA research from the laboratory to real classroom settings introduces additional challenges, including issues 

with data quality and technological complexities arising from noise, hardware malfunctions, and other difficulties, such as 

ethics and transparency. Therefore, addressing these challenges, as reported in several studies we reviewed, is crucial for 

improving the applicability of MMLA research in authentic educational environments (Chejara, 2020; Worsley et al., 2021). 

Finally, our results revealed that the limited number of included studies apply theory to make informed decisions 

(e.g., identifying features, selecting analysis techniques) and interpreting the study results that align with theory and are related 

to learning practices. Aligning with Giannakos and Cukurova’s (2023) findings, we observed that theory in the current MMLA 

research primarily serves two purposes: informing data collection and offering descriptive insights without explaining how 

theory is applied in the given research. Therefore, the affordances of MMD provide distinct insights into the learning process, 

which highlights the need for a more comprehensive integration of theory in future research, thereby leading to a better 

understanding of complex learning behaviours (Giannakos, 2023; Worsley, 2014). Finally, future research should go beyond 

MMLA to inform research design and contribute new perspectives to existing theories (Giannakos, 2023; Giannakos & 

Cukurova, 2023). 

Regarding data analysis and data fusion practices, we identified two major approaches to analyzing MMD: conventional 

statistical approaches and the application of machine learning algorithms (i.e., LSTM networks, decisions trees, HMM, and 

random forest) for the classification and/or prediction of student outcomes and behaviours. Although there is methodological 

diversity and the choice of algorithms depends on the nature and objectives of a study, more research is needed to compare the 

strengths and weaknesses of unsupervised and supervised models and factors that reveal a model’s performance in the context 

of learning and cognition. This would help guide the selection of the most appropriate approach based on the study’s purpose. 

As for data fusion in the analysis phase, most of the included studies did not explicitly address data fusion, including the type 

of fusion and techniques used for fusing data, which leads to a lack of transparency in explaining their methodological 

decisions. It is important to note that this does not necessarily mean that these studies did not employ data fusion; rather, they 

were not explicit about their data fusion process, including the type of fusion and techniques used for fusion of MMD. This is 

particularly evident in studies that used machine learning algorithms, which often lacked detailed descriptions regarding fusion-

related decisions made during data modelling and the communication of findings. Taken together, while data fusion is an 

essential feature of MMLA research, its implementation remains underexplored and often lacks transparency in methodology 

reporting, mainly because of the complex decisions required in the process, without a one-size-fits-all approach. Another reason 

may be that data fusion is still a grey area in MMLA and integrating modes with varying forms and sizes, ensuring clarity in 

data interpretation, is still challenging for researchers since there is no clarity on how to achieve it (Worsley et al., 2021). 

Moreover, some studies used data triangulation, instead of data fusion. While Mu et al. (2020) suggested that data triangulation 

can be considered a form of data fusion, others, such as Wang et al. (2024), have focused on integrating and fusing multiple 

data sources through various techniques. This goes beyond using different data sources separately to gain deeper insights into 

the studied phenomenon. Therefore, we need a shared understanding of data fusion and guidelines for reporting practices. 

Additionally, ethical considerations, touched upon above, have also emerged as a significant concern in MMLA research. 

Consistent with previous findings, our results revealed limited to no effort to address the ethical concerns and to provide 

evidence of the impact on learning outcomes (Alwahaby et al., 2022; Ouhaichi et al., 2023). Moving forward, researchers must 

prioritize ethical guidelines and ensure transparency in their data handling practices, including how the data is managed, stored, 

and accessed (Worsley et al., 2021, p. 15). In addition, journals that publish MMLA research should continue to encourage 

researchers to engage in open science practices, as evident in Moon et al. (2022), which adapted publicly available data for 

their emotion recognition model. 
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Finally, we observed that the ways in which MMLA supports learning processes and informs learning experience design 

are still unclear, a finding consistent with others (Di Mitri et al., 2018). Although attempts have been made to understand 

MMD, there is a lack of clarity on how this data can be effectively used to support learning processes and inform learning 

experience design. For example, Vujovic et al. (2020) explored the effects of the physical environment on learner behaviour 

during collaborative problem tasks. The findings suggest that round tables positively impact the behaviour of elementary school 

students during group learning activities, which lead to higher levels of engagement and participation. There is a need for more 

studies like this, providing actionable feedback to both students and teachers. This remains a critical area for future research 

to enhance student learning experiences and learning outcomes (Martinez-Maldonado et al., 2020). 

7. Conclusion 

In conclusion, while MMLA research has made significant advancements in understanding the role of MMD in complex 

learning processes in K–8 education, there are still several challenges and areas for improvement, including data fusion, 

transparency in reporting, ethics, theory-drivenness, and practical implications. There are also limitations in this scoping 

review. First, we excluded numerous LA and EDM studies due to their lack of explicit focus on MMLA. These excluded papers 

might provide additional insights into MMD’s role in explaining complex learning processes. Second, as our primary aim was 

to offer an overview of MMLA’s application in K–8 educational research, we did not conduct a quality appraisal of studies 

that might include low-quality papers in the review. Future research could focus on developing criteria for assessing the quality 

of MMLA research. Moving forward, researchers and practitioners can benefit from our findings regarding the issues and 

challenges identified (e.g., data fusion, ethics, theory-drivenness, and practical implications) and contribute to the meaningful 

integration of MMLA into educational practice. Practitioners can use the review findings to make more informed decisions 

when integrating MMLA into learning experience design, thereby enhancing educational outcomes. 
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Appendix A  

Summary of the Precedent Systematic Reviews 

Authors Foci Characteristics 

Alwahaby et al. (2022) Exploring the ethical issues addressed 

in MMLA studies and the potential 

impact of MMLA on learning 

outcomes. 

Age group: N/A 

Time frame: 2010–2020 

Crescenzi-Lanna (2020) Applications of MMLA research in 

the context of young children. 

Age group: Children under 

six years old 

Time frame: 2015–2019 

Mu et al. (2020) Integration and analysis of 

multimodal data with a focus on types 

of data, learning indicators, and 

classification of data fusion methods. 

Age group: N/A 

Time frame: 2017–2020 

Ouhaichi et al. (2023) Identification of research trends, 

methodologies, and applications in 

MMLA research. 

Age group: N/A 

Time frame: 2014–2020 

Prinsloo et al. (2023) Investigating the rationale for MMLA 

applications, the nature and scope of 

data collected, the study contexts, 

evidence of commercial interests 

and/or downstream uses of students’ 

data, and consideration of ethics, 

privacy, and the protection of student 

data. 

Age group: N/A 

Time frame: 2011–2023 

Sharma & Giannakos 

(2020) 

Identification of research trends and 

applications in MMLA. 

Age group: N/A 

Time frame: 2010–2020 

  



 

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 

Appendix B 

Study Characteristics 

Author(s) & 

Year 

Participants Multimodal 

data 

Data collection 

channels 

Learning 

environment 

Data  

analysis 

Algorithms Data  

Fusion 

Ethics 

Andrade (2017) 15 3rd & 4th 

graders 

—Hand gesture 

—Gaze direction 

—Pre- and post-

tutorial 

questionnaire 

—Video 

recordings 

—Questionnaire 

N/A —Dissimilarity 

measure 

—Hierarchical 

clustering 

—Categorical 

statistics 

—Heat plots 

Hidden 

Markov 

model 

Early fusion 

(Observed) 

N/A 

Andrade et al. 

(2016) 

30 1st & 2nd 

graders 

—Body 

language 

—Eye gaze 

—Gesture 

—Hedging 

language 

—Speech 

Video recordings School setting —Descriptive 

statistics 

—Spearman 

correlation 

Hidden 

Markov 

model 

Early fusion 

(Observed) 

N/A 

Aslan et al. 

(2022) 

10 1st 

graders  

—Pose and 

gesture 

—Facial 

expression 

—Student 

interactions 

—Audio 

recordings 

—Video 

recordings 

—Audio 

recordings 

—Touch 

detection 

School setting —Descriptive 

statistics 

—Qualitative 

data analysis 

method was not 

explicit but 

detailed 

description of 

process 

N/A N/A Ethics 

committee 

approval 

Camacho et al. 

(2020) 

18 students 

(13–15 years 

old) 

Log data (date, 

time, type/action, 

the student-

initiated 

interactions were 

right, wrong, or 

duplicate) 

—Wearable 

device 

—Smart objects 

—Log data 

School setting —Descriptive 

statistics 

Decision 

Trees 

Early fusion 

(Observed) 

N/A 

Lee-Cultura et 

al. (2022) 

26 (10–12- 

year-old) 

children 

—Videos 

—Eye gaze 

—Heart Rate 

—Skin 

Temperature 

—Blood Volume 

Pulse 

—EDA 

—Video 

recording 

—Eye tracking 

—Wristbands 

—Kinect sensor 

School setting —Exploratory 

Factor Analysis 

—Predictive 

modelling 

—Qualitative 

data analysis 

method was not 

explicit but 

detailed 

description of 

process 

Random 

forest 

N/A —Ethics 

committee 

approval 

—Informing 

participants, 

teachers, and 

parents 

about the 

research 

process 

—Moral-IT 

Deck tool 

for sensor 

data usage 

Min et al. (2019) 92 middle 

school 

students 

—Natural 

language 

utterance 

—Eye gaze 

traces 

—Task states 

—Gender 

Log data Game play in 

classroom 

Developing a 

prediction model 

to detect 

breakdowns in 

student–agent 

conversations 

Long 

Short-Term 

Memory 

Network 

Early fusion 

(Observed) 

N/A 

Moon et al. 

(2022) 

31 middle 

school 

students 

—Log data 

—Facial 

expressions and 

gameplay screen 

recordings 

—Log data 

—Video 

recordings 

Gameplay 

either in 

school or 

home 

Developing 

prediction model 

to track middle-

school student 

distress states 

during 

educational 

gameplay 

Random 

Forest 

Late fusion 

(Reported) 

N/A 
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Nasir et al. 

(2021) 

96 students 

(9–12 years 

old) 

—Log data 

—Video and 

audio recordings 

Environment 

camera, RGB-D 

camera, 

microphones, 

logs (from touch 

screens) 

N/A —Kruskal-

Wallis 

—Descriptive 

statistics 

—Qualitative 

interaction 

analysis of cases 

(method was not 

explicit but 

detailed 

description of 

process) 

N/A Early fusion 

(Observed) 

Making data 

available 

Ocak, Kopcha et 

al. (2023) 

2 5th grade 

students 

—Numerical 

representation 

—Imitating the 

robot 

—Use of the 

workbook 

—Use of the 

computer 

—Use of the 

robot 

Video recordings School setting Machine 

learning model 

building for 

image 

classification 

Deep 

Neural 

Network 

Early fusion 

(Observed) 

—Ethics 

committee 

approval 

—Sharing 

network 

design 

including 

coding 

Olsen et al. 

(2020) 

25 9–11- 

year-old 

dyads (50 

students) 

—Log data, 

—Audio 

(dialogue) data 

—Eye gaze 

—Pre- and post-

test 

—Eye tracking 

—Log data 

—Audio-only 

Skype 

connection 

—Pre- and post-

test 

Laboratory 

setting 

—Descriptive 

statistics 

—Correlation 

—Temporal 

analysis 

Deep 

LSTM 

Early fusion 

(Reported) 

—Ethics 

committee 

approval 

—Making 

data 

available 

Ouyang et al. 

(2022) 

28 3rd–5th 

graders 

—Discourse 

audio 

—Class video 

—Log data 

—Computer 

screen recording 

(screen 

(clickstreams) 

—Video 

recordings 

—Computer 

screen recording 

—Log data 

School setting —ANOVA, 

—ANCOVA 

—Social 

Network 

Analysis 

—Epistemic 

Network 

Analysis 

N/A N/A Ethics 

committee 

approval 

Papavlasopoulou 

et al. (2021) 

29 children 

(8–14 years 

old) 

—Log data 

—Video 

recording 

—Heart rate 

—EDA 

—Body 

temperature 

Blood volume 

pulse 

—Questionnaire 

—Log data 

—Wristband 

—Video 

recording 

—Questionnaire 

Science 

museum and 

school setting 

—Paired 

samples t-tests 

—Pearson 

correlation 

—Spearman’s 

correlations 

N/A N/A N/A 

Shin et al. 

(2020) 

168 

Tanzanian 

students 

Log data Log data (user 

actions and 

motions) 

N/A —Logistic 

Regression 

—Support 

Vector Machine 

—Decision Tree 

—Random 

Forest 

—Logistic 

Regression 

—Support 

Vector 

Machine 

—Decision 

Tree 

—Random 

Forest 

N/A N/A 

Vujovic et al. 

(2020) 

24 

elementary 

students 

—Motion 

captures 

—Video 

recordings 

—Motion 

capture systems 

(BTS Smart-DX 

motion) 

—Video 

recordings 

Laboratory —Quantitative 

analysis: 

Multifactorial 

ANOVA 

—Qualitative 

analysis: no 

detailed 

description 

N/A N/A —Ethics 

committee 

approval 

—Informing 

participants 

about 

research 

process 

 


