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Abstract. There is a growing interest in the research and use of multimodal data 

in learning analytics. This paper presents a systematic literature review of 

multimodal learning analytics (MMLA) research to assess i) the available 

evidence of impact on learning outcomes in real-world contexts and ii) explore 

the extent to which ethical considerations are addressed. A few recent literature 

reviews argue for the promising value of multimodal data in learning analytics 

research. However, our understanding of the challenges associated with MMLA 

research from real-world teaching and learning environments is limited. To 

address this gap, this paper provides an overview of the evidence of impact and 

ethical considerations stemming from an analysis of the relevant MMLA research 

published in the last decade. The search of the literature resulted in 663 papers, 

of which 100 were included in the final synthesis. The results show that the 

evidence of real-world impact on learning outcomes is weak, and ethical aspects 

of MMLA work are rarely addressed. We discuss our results through the lenses 

of two theoretical frameworks for evidence of impact types and ethical 

dimensions of MMLA. We conclude that for MMLA to stay relevant and become 

part of mainstream education, future research should directly address the gaps 

identified in this review. 

Keywords: Multimodal Learning Analytics, Ethics, Impact Evaluations. 

1 Introduction 

Multimodal data (MMD) streams and complex artificial intelligence (AI) modelling 

techniques are increasingly being deployed in learning analytics research to help us 

better understand, model and support teaching and learning processes (Sharma & 

Giannakos, 2020). This area of research has grown during the last years and is generally 

referred to as Multimodal Learning Analytics (MMLA) (Blikstein & Worsley, 2016). 

Recent individual and review studies show that MMD and AI approaches can 

significantly improve the performance of learning and teaching models (Cukurova et 

al., 2019; Giannakos et al., 2019). However, the increased use of AI techniques and fine 
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granular MMD adds new challenges and worries about the role of such interventions in 

educational contexts (Cukurova, Giannakos, et al., 2020). There are various “horror 

stories” of bias and discrimination, of the denial of individual autonomy and rights, 

non-transparent and unjustifiable outcomes, invasion of learner and teacher privacy, 

unfair, unequal, unreliable, and unsafe outcomes for humans involved in the use of such 

interventions in education (Andrejevic & Selwyn, 2020; Knox et al., 2020; Selwyn, 

2020).  

MMD and AI techniques have been used since the 1950s (i.e McCarthy, 1959),  yet it 

is only in recent years they are popularly used in teaching and learning research, but 

still limited in practice. To be able to reap the benefits of MMD and AI in teaching and 

learning research and practice, there is an urgent need to (a) provide the evidence of 

impact for MMLA systems to achieve educational outcomes, and (b) to create plans 

and tools to address the ethical difficulties outlined above.  

The ethical concerns are deeply and inherently intertwined with the evidence of impact 

evaluations in MMLA, and in Educational Technology research in general. This is 

mainly due to two reasons. First, the adoption of MMLA tools and research in the real 

world are dependent upon the valuable evidence (documented benefits) and the 

mitigation of potential risks (e.g., ethical risks). Second, to a certain extent, the 

deployment of MMLA tools in educational settings that are not impactful (or at least 

promising potential evidence for impact) and does not meet the minimal risk standards1 

may be considered an unethical deed. Therefore, here, we present a systematic literature 

review (SLR), following the guidelines of Kitchenham and Charters (2007) to examine 

the empirical evidence on the impact of MMLA and how contemporary MMLA 

research tackles its inherent ethical challenges. More specifically, we address the 

following two research questions. 

RQ1: What is the existing evidence on the use of MMLA systems to support 

educational outcomes in real-world settings? 
RQ2: To what extent ethical considerations are highlighted and addressed in MMLA 

research? 
This SLR provides information about the current practices, limitations and 

considerations of MMLA research across a wide range of learning and teaching 

settings, contexts and empirical methods, with a focus on the impact and ethical aspects 

of MMLA. The motivation behind this work is to identify the main barriers to the 

development of MMLA research and encourage future research directions that help us 

to overcome those barriers. Although the MMLA field is still relatively young, this 

review work is timely and important for the field to grow in a direction that would lead 

it to become a part of mainstream education research and practice. In the following 

sections, we first synopsize the background on MMLA to highlight what it entails and 

what is currently missing. Next, we explain the methodology employed for conducting 

the SRL and present the results of this process. We conclude the paper with a 

comprehensive discussion of the findings as well as their implications for the field, and 

the limitations of the selected methodological decisions. 

 
1 Paraphrasing the definition from the Electronic Code of Federal Regulations (www.ecfr.gov) a risk is 

minimal where the probability and magnitude of harm or discomfort anticipated are not greater, in and 

of themselves, than those ordinarily encountered (within the same context/task). 

http://www.ecfr.gov/
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2 Background and Related Work  

MMD can provide valuable information that can contribute significantly to gaining in-

depth insights into the learning processes and strategies (Giannakos et al., 2019; 

Worsley & Blikstein, 2015). Learning Analytics (LA) researchers have long been 

depending on conveniently collected unimodal data (usually coming from the log files 

of a digital learning environment) as their main quantitative source of information  (e.g., 

see a recent literature review, Mangaroska & Giannakos, 2019). However, nowadays a 

variety of new sensing technologies offer a wide range of data sources such as eye gaze, 

heartbeats and human body tracking which can offer more granular details of learner 

and teacher interactions and information processing. Recently, an increasing number of 

researchers have started investigating the role of MMLA to inform the learning and 

teaching process. There have been multiple literature reviews and surveys published 

within the last five years (Crescenzi‐Lanna, 2020; Di Mitri et al., 2018; Sharma & 

Giannakos, 2020), and a few special issues in influential academic journals (Cukurova, 

Giannakos, et al., 2020; Drachsler & Schneider, 2018), summarising the state-of-the-

art research in MMLA. More specifically, (Cukurova, Giannakos, et al., 2020) edited a 

special section with ten contributions shedding light on the promise and challenges of 

MMLA, with the main challenges categorised as ethical, practical and methodological 

issues. Another special issue edited by Drachsler and Schneider (2018), included seven 

articles focusing on the effects of MMD on the learning and teaching sciences. The 

editorial of this special issue highlighted that this line of research is opening a new way 

to analyse learning behaviour, feedback and open source tools, yet there was no 

particular discussion on the potential challenges brought by the use of MMLA systems 

in real-world educational settings. 
Along the same lines, recent literature reviews of MMLA research acknowledge the 

lack of a critical positioning of researchers as a significant gap in the current literature. 
For instance, Blikstein and Worsley (2016) argued on the importance of MMLA to 

provide in-depth insights about pedagogies, such as problem-solving learning and 

students’ interaction with others, aiming at assessing the feasibility of MMLA as an 

assessment tool in several learning contexts. The review synopsized the methods that 

have been used to capture and process student data and focused on different techniques 

(e.g., text analysis, speech analysis, handwriting analysis, gesture analysis, affective 

state analysis, gaze analysis), without though, focusing on the challenges of real-world 

implementations or ethical considerations. In another literature survey, Di Mitri et al. 

(2018) analyzed the empirical works on the use of MMD and the learning theories 

selected. Their work resulted in a taxonomy that maps the use of MMD to enhance 

feedback in a learning context, shows ways of combining ML with MMD, and develops 

common nomenclature for the research fields involved (i.e., ML, the learning sciences 

and MMD). However, again, there was no particular focus on the potential drawbacks 

of MMLA used in educational research and practice, or any of the underlying ethical 

considerations. 

Recently, Chua et al. (2019) reviewed 66 cases of tools and technologies that have 

been developed to collect and analyze MMD. The authors focused on the 

methodological developments in the field and identified the data sources and 

modalities, outcomes, targets of assessments, deployment settings, units of analysis, 

and the maturity level of the developed technologies. The analysis revealed the lack of 
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studies that utilize deep learning algorithms. The authors suggested that future research 

should focus on deployable and sustainable set-ups for data collection in physical 

spaces, teacher assessment, developing systems for feedback and visualization, 

promoting generalized models across different populations, and explore how sensing 

technologies and devices can be adopted to make learning more accessible to people 

with disabilities. From a different perspective, Sharma and Giannakos (2020) focused 

on what and how MMD have been used to inform learning and in what contexts. The 

summarized papers were framed within six thematic areas (behavioural trajectories, 

learning outcome, learning-task performance, teacher support, engagement and student 

feedback) and elaborated on the capabilities of MMD for learning. Sharma and 

Giannakos (2020) emphasized that future research should develop a framework to 

enable MMD capacities (i.e., what insights MMD can offer for learning) to be aligned 

and contextualized with the research goals and learning designs of the particular 

MMLA research/application. 
Another recent review by Crescenzi‐Lanna (2020) covered MMLA research 

involving children under six years old. The author analyzed the contributions using 

various scales such as performance analytics (students’ understanding and 

engagement), the use of ML, MMD and qualitative data (annotations, interview, 

observation). Arguably, the most intriguing contribution of this review was that the 

author also commented on potential ethical issues (e.g., children being lied to in a 

“Wizard of Oz” experiment in which children have been told that a robot can 

understand and answerer their questions while the answers have been directed from 

technicians in the same room; longer and obtrusive exposure to experiments; effect on 

data quality of the interaction with strangers who are researchers; anonymity). Besides, 

Beardsley et al. (2020) tackled the consent form particularities of MMLA research and 
introduced an informed consent comprehension test for MMLA studies. The authors 

assessed its effect based on learners’ comprehension and rates of enrolment in an 

MMLA study. The focus of the paper was on consent forms, yet the paper did not 

discuss any evidence of impact or other ethical considerations involved in MMLA 

research. 

Previous reviews covered above provide valuable information about the promise of 

MMLA, yet do not specifically focus on their real-world impact and ethical 

implications of MMD collection and utilization in LA. The evidence of the impact of 

MMLA systems on educational outcomes as well as research that aims to address 

potential ethical issues emerging from the use of these systems in practice is essential 

for the field’s success and proliferation. In advance, ethical considerations in 

educational research, just as in other social sciences research, are fundamental to the 

future of the premise. Yet, to the best of our knowledge, there is no review work 

particularly investigating the ethical considerations of the MMLA studies. Therefore, 

there is a need for a critical review that focuses both on the evidence of impact and the 

inherent ethical challenges of MMLA research. Here, we aim to bridge that gap. The 

results of this review will allow MMLA researchers and practitioners to reflect upon 

their practices and methodological decisions, as well as nurturing discussions about the 

future development of MMLA research. 
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2.1 Ethical considerations of Learning Analytics  

 
MMLA research and practice can lead to significant concerns amongst educational 

stakeholders particularly with regards to the transparency, accountability, privacy, 

fairness and bias of such systems in real-world practice. One recent example of 

contextualising key dimensions of ethical considerations of learning analytics is 

presented by Hakami and Hernandez-Leo (2020). The authors discuss the importance 

of transparency, accountability and fairness (FAT) of Learning Analytics as well as 

covering some aspects of wellbeing. The ethical issues that emerge in the context of 

MMLA are also tightly interconnected with the multifaceted aspects of FAT. Therefore, 

such contextualisation examples can initiate the discussion on the ethics of MMLA 

research and can provide a useful theoretical framework to structure the complexity of 

the discussion. It is likely that due to MMD’s potentially more invasive, highly 

granular, and temporal nature compared to log data sources, they might bring in further 

ethical challenges compared to more traditional learning activity data. Here, we 

summarise some of the potential key dimensions that have been discussed in LA 

literature broadly and need attention and contributions from the MMLA research 

community. 

Transparency: According to Hoel et al. (2017) and  Pardo, & Siemens (2014), 

privacy and policy issues have a huge influence on the design of LA systems, thus, 

there is a critical need for an in-depth systematic treatment of ethical and data protection 

issues. For instance, institutional transparency is one of the ethical challenges that 

educational institutions should handle carefully. As discussed by Drachsler and Greller 

(2016), the level of transparency in a data model is important in the adoption of 

educational technology, thus, clear information should be available about the data 

collection, storing, processing and sharing. To address this issue a nine-point checklist 

named DELICATE for a trusted LA implementation was provided to support handling 

the data transparency issue. Moreover, there is a major concern about transparency in 

tracking learners’ data. According to Duval (2011), people should be aware of while 

they are being tracked. Clarifying the reason behind the data collection might also help 

to tackle the transparency issue in education (Drachsler & Greller, 2016).  Besides, 

participants should have the option to opt-out from the data collection process at any 

stage without affecting the collection process as a means of data collection transparency 

based on a review of eight policies for learning analytics by Verbert et al. (2020). 

However, transparency is needed in all stages of the MMLA pipeline including the 

modelling and visualisations, and it is not only limited to data collection and processing. 

For instance, transparent and open learner models (OLMs) have been the centre of LA 

and EDM communities which can significantly benefit MMLA research. As shown by 

Abdi et al. (2020), complementing educational recommender systems (ERSs) with open 

learner models (OLMs) can have a positive impact on user’s perceptions and 

engagement based on the results generated from a randomized controlled experiment. 

Similarly, as exemplified in recent research (Cukurova, Zhou, et al., 2020) a transparent 

model that predicts learners’ collaborative problem-solving competencies from video 

data can be preferred over high performing yet non-transparent models.  In this work, 

the authors developed transparent decision trees instead of using non-transparent deep 

learning and neural network approaches since the transparent models allowed teachers 
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and learners to examine analytics’ predictions. It was argued that understanding factors 

influencing learning outcomes measured in analytics, and avoiding "black-box" 

approaches where possible, can lead to an increase in human agency and adoption 

(Cukurova, Zhou, et al., 2020). Similar arguments were also echoed by Shibani et al. 

(2019) who argued that allowing educators to have control over the educational systems 

can promote the transparency and trustworthiness of the system. At the stage of 

visualizing the MMLA models, engaging students in the design development of the LA 

system beyond the standard focus group is needed to ensure a fully transparent design 

of the LA system (de Quincey et al., 2019). LA tools can be regarded as transparent 

tools when the process behind the LA output is clear enough to the users allowing them 

to review and critique the output with confidence (Shum et al., 2016). However, such 

propositions should be empirically tested with users in real-world contexts.  
Accountability: In addition to the transparency dimension, the accountability 

concept has been tackled by some LA researchers, yet has not received much attention 

from the MMLA community. A requirements list for LA  systems was developed and 

derived from the GDPR legal requirements point of view by Hoel et al. (2017), which 

argued that educational institutions should provide evidence on their system capability 

to protect users’ data and prevent any breach of the system to provide institutional 

accountability. There is also a growing demand for algorithmic accountability in LA as 

stated by Knight et al. (2017) therefore complex analyses are required for analytics 

devices. For instance, according to Prestigiacomo et al. (2020), providing students with 

evidence generated from LA systems can promote students' accountability about their 

learning.  In general, as argued by Gibson and Lang (2018) assessing the accountability 

and quality of LA is not easy; as a result, the Pragmatic Inquiry for Learning Analytics 

Research (PILAR) method was presented to address some of the quality and 
accountability questions related to LA research in general. To what extent such generic 

guidance can be contextualised in MMLA research and how they should be expanded 

to be more meaningful for MMLA are significant questions yet to be addressed.  

Privacy: Recently, data privacy has become a pressing topic gaining significant 

interest by the LA researchers to increase the quality and trust in LA (Scheffel et al., 

2014). Privacy challenges associated with LA include but are not limited to, data 

ownership, anonymization, collection, storing, processing and sharing of data. 

However, such discussions are missing from many institutional and educational 

policies (Prinsloo & Slade, 2013; Slade & Prinsloo, 2013). Drachsler and Greller (2016) 

presented the DELICATE checklist to check the privacy issues emerging with the use 

of LA technology.   

  Fairness and Bias: Different participants’ varied backgrounds may affect their 

response to learning measurements which would lead to fairness issues in an 

educational system. Similarly, the generalizability of learning measurements with 

MMLA systems for a certain group might not apply to other groups (Milligan, 2018). 

As argued by Doroudi and Brunskill (2019)  it is important to make sure that algorithms 

are equitable to different student populations when designing learning analytics 

systems. The authors suggest that knowledge tracing algorithms can offer more 

equitable solutions for certain student populations, yet, they could still be inequitable 

in comparison to other student populations (i.e. favouring fast learners over slow 

learners). In a similar vein, Verbert et al. (2020) state that there is a crucial need to 

address challenges related to ethical implications of predictive systems and bias in LA 
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research in general.  In that context, opening up the visualization of MMD used in 

predictive models can offer great opportunities to help end-users understand the 

decisions made by the predictive models of MMLA and reveal any underlying biases. 

Varied and large-scale data collection are important for model training of MMLA since 

the fairness of AI and ML-driven MMLA systems can be affected by many aspects 

such as race and gender. On the other hand, the collection and collation of data on these 

sensitive constructs to measure the algorithmic fairness of MMLA systems might be a 

challenging process by itself.  

As summarized above, some key aspects that relate to the ethics of LA research have 

received attention from the LA research community. However, to what extent similar 

considerations are taken into account in MMLA research is yet unknown.  

3 Methodology 

For the objectives of this study, a systematic literature review (SLR) methodology was 

adopted. The methodological decisions of the SLR have been made with a focus on 

addressing the research questions and search for empirical evidence of real-world 

impact on learning outcomes and the respective ethical considerations of MMLA 

research. For the needs of the SLR, the present study was conducted in line with the 

PRISMA guidelines (Moher et al., 2009) to improve transparency, and according to a 

widely accepted procedure proposed by Kitchenham and Charters (2007). To ensure 

robustness, we enacted a protocol consisting of four explicit and discrete steps: a) define 

the keywords and digital libraries and intensively search the literature – i.e., data 

collection based on information sources and search strategies; b) review and assess the 

search results – i.e., screening and filtering out the unrelated papers according to 

explicit eligibility (inclusion/exclusion) criteria; c) analyze, code and synthesize the 

results; and d) report the findings in a comprehensive review. The time frame of the 

search focused on the literature published between 2010 and 2020 in which the 
emergence and adoption of Learning Analytics, as well as Multimodal Data in 

educational contexts, has grown. 

The search process was conducted in two phases. In the first phase (Dec. 2019), four 

broadly acknowledged digital libraries (i.e., Scopus, Web of Science, IEEE and ACM 

Digital Library) were used as the information source. In addition, Google Scholar was 

included in the analysis, as the most widely used search engine that indexes almost 

every academic library. Google Scholar was searched by using the keywords 

"multimodal learning analytics". From the Google Scholar search the top 100 papers (from 

a total of 824)  were considered, similar to previous systematic review work in the field 

(Matcha et al., 2019; Schwendimann et al., 2017). We aimed to focus on the use of 

digital sensing technology to understand/explain human learning mechanisms, thus, 

keywords were selected based on four main concepts: data modalities, learning, tools 

and physical spaces. The specific keywords included the following terms (both in 

singular and plural forms): multimodal data, multimodal learning analytics, sensing 

technologies, physical spaces, gesture recognition, tangible interactions, dashboards. 

The final keyword searches, for WOS, Scopus, ACM, IEEE respectively, are presented 

in Appendix A. The total amount of hits in the search was 663, and 442 entries after 

duplicate deletion. 
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Two reviewers with learning analytics research backgrounds screened the titles and 

abstracts of the resulting 442 papers to determine their eligibility in terms of whether 

the study indeed involved a multimodal technology implemented in learning and 

educational contexts. This initial title and abstract screening of the 422 entries were 

completed by two researchers going through all entries separately and recommending 

for inclusion or exclusion. Reviewers stated applicable exclusion criteria. A total of 298 

papers were recommended for inclusion after this initial screening. Further, among the 

298 pre-selected entries, articles that did not satisfy the inclusion criteria were also 

excluded from the review with a full-text analysis. For the full-text analysis, randomly 

selected 10% of the remaining entries underwent a parallel selection process (30 papers 

in total) and inter-rater agreement was calculated (Cohen’s Kappa=0.73). 

Disagreements between the two researchers were resolved through meetings and 

discussions about where the differences occur which led to further clarification of the 

screening criteria. The two researchers analysed papers according to specific eligibility 

criteria. Entries not related to MMLA, entries not related to learning and/or educational 

outcomes, entries with no full-text (extended abstracts/abstracts only, posters, demos, 

doctoral consortium papers), entries that are not empirical studies (e.g., editorials, 

discussion and opinion papers), and entries that were not published in English were all 

excluded from these pre-selected entries to enhance the rigour of the conclusions from 

the review. As a result, 71 papers were included in this review.  

To include research papers published during the initial search, screening, and analysis 

period of the review study, a second search phase was conducted in Jan 2021. Following 

the same procedure of the first phase by the same two researchers, 29 additional papers 

were identified. Thus, in total 100 papers were included in this review. All entries 

identified in this study can be found in an online repository2 with access to their 

exclusion reasons. : 

Next, papers were coded based on the data modalities they utilized, on the type of 

empirical evidence they provide (i.e., causal evidence, correlational evidence, 

descriptive evidence, anecdotal evidence, prototypes with no evidence, and machine 

learning), as well as whether the ethical aspects were taken into consideration or 

discussed. The labelling was agreed upon by two researchers. The taxonomy of 

modalities that has been used was deployed from a recent systematic review (Sharma 

& Giannakos, 2020). The categories of evidence types that have been used are based 

on previous research on the impact evaluations of educational technologies (e.g., 

(Cukurova & Luckin, 2018)). We used a top-down approach based on our interest in 

different types of evidence and our interest in the existence of ethics discussions. Papers 

were coded first by one researcher and then another researcher went through the papers 

for cross-checking the results. The coders relied upon the explicit content directly 

appearing in the papers rather than interpreting what the authors have written. 

Finally, the results were synthesized in a comprehensive report. Fig.1 below 

summarises the methodology used in this paper.  

 

 
2 https://data.mendeley.com/datasets/3d8gr3jjk2/draft?a=8b1ea571-f9dc-4a79-a7ec-

849431d587a6   
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Fig. 1. The methodology used in this systematic literature review 

4 Results 

4.1 Data Modalities Used in MMLA Research 

In this section, we briefly overview the data modalities and indicators that have been 

applied in contemporary MMLA research to provide a broad introduction to those 

readers who are not familiar with multimodal learning analytics. The goal of this review 

is not to describe the different modalities and their connection to teaching and learning, 

or to investigate the multimodal nature of MMLA, as those have already been well-

documented in previous reviews (e.g., Blikstein & Worsley, 2016; Sharma & 

Giannakos, 2020). However, this overview will set up a common understanding of the 

foundations of the field and will act as a lens to reveal the realistic distance between 

what MMLA research is utilizing and what real-world practice can afford. 

Consequently, it seeks to emphasize the need for ethical considerations and accelerate 

the developments in the field. As advanced sensing technologies are becoming more 

affordable for researchers to use, various data modalities and indicators are utilized to 

capture aspects and constructs of learning and teaching processes. Concrete examples 

found in our literature review are:   
 Audio and Video: The most ubiquitous MMLA data collection is the one 

connected with audio and video sensors. Such data collections are mainstream in 

learning sciences, as they support cornerstone methodologies stemming from both 

qualitative and quantitative research. In MMLA, those modalities are used to estimate 

the presenter’s pose, gaze direction (Andrade, 2017; Ochoa & Dominguez, 2020; Tan 
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et al., 2020), dialogue’s characteristics such as pitch (Olsen et al., 2020; Sharma, 

Leftheriotis, et al., 2020) and speech rate (Vrzakova et al., 2020). Another commonly 

used practice is employing the video modality to capture facial data (Ahn & Harley, 

2020; Lee-Cultura, Sharma, Papavlasopoulou, et al., 2020; Martin et al., 2019). Video 

techniques have also been used to capture students' motion activity by detecting body 

movements (Vrzakova et al., 2020; Vujovic et al., 2020)  and the number of the face-

in-the-screen and distance metrics between bodies  (Cukurova, Zhou, et al., 2020). 
 Eye-tracking: Another widely employed and “insightful” modality is eye-

tracking. Several MMLA studies employ eye-tracking to detect learners’ concentration 

level, visual attention and habits (Emerson, Cloude, et al., 2020; Sharma, Leftheriotis, 

et al., 2020)   .  The gaze is typically captured via ubiquitous solutions mounted to the 

screen (e.g., SMI, Tobii) (Mangaroska et al., 2020; Sharma, Papamitsiou, et al., 2020); 

eye-tracking glasses for tracking learners’ gaze in off-screen activity (Papavlasopoulou 

et al., 2018), have also been utilized.  
 Skin sensing modalities: Another group of modalities, frequently used in 

MMLA, relates to data coming from learners’ skin. Pijeira-Díaz et al. (2018) measured 

students’ arousal and electrodermal activity (EDA) using wristbands. Dindar et al. 

(2020) recorded students’ EDA during group work and combined the data with situated 

self-reports. Larmuseau et al. (2020)utilized several modalities such as galvanic skin 

response (GSR), skin temperature (ST), heart rate (HR) and heart rate variability (HRV) 

to infer students’ cognitive load. More affordable devices, such as smart bracelets and 

sonic devices (utilizing sound waves), have also been employed to monitor students’ 

activity during learning (Liu et al., 2018). 

 Location sensing modalities: Another category of modalities employed in 

MMLA research come from location sensing in the physical learning space (e.g., 

classroom). Martinez-Maldonado et al. (2018) utilized proximity data collected by the 

ultra-wideband (UWB) positioning tags to investigate students’ positioning and 

movement during their lab instruction. Similarly, Martinez-Maldonado, Elliott, et al. 

(2020) used indoor localisation badges and Martinez-Maldonado, Echeverria, et al. 

(2020) tracked positioning data through wearable (Pozyx.io) tags to generate 

multimodal data insights in the context of nursing education. Martinez-Maldonado, 

Mangaroska, et al. (2020) captured teachers positioning data with the Pozyx.io ultra-

wideband (UWB) system and via UWB indoor positioning badge worn by the teachers 

to make visual representations for location trace to support teaching. Other work by 

Hsieh et al. (2010) tracked location and time using wireless detectors to support 

cooperative learning activities in classrooms. Wireless sensors were also used by 

Riquelme et al. (2020) where students' movements were tracked by beacons to track 

collaborative behaviour.  

 Multimodality: The aforementioned modalities and the respective insights 

allow researchers and practitioners to capture information that can reinforce their 

teaching (e.g., awareness, reflection) and enrich their learning design overall (Sharma 

& Giannakos, 2020). Yet, the power of MMLA mainly comes from the triangulation 

of insights coming from different modalities. For example, data modalities were 

collected including gaze, electrodermal activity, movement and position data to predict 

the quality of collaborative problem solving (Reilly & Schneider, 2019; Schneider, 
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2019). In another example by Boulton et al. (2018), multiple data modalities were also 

captured including, facial expression, the position of the learner, and their affective 

state. Overall, we see that the utilization of the various data modalities is the key feature 

in allowing us to holistically capture students’ interactions and identify in-depth 

insights into the learning processes and strategies. It is important to note that 

investigating whether the multimodality was provided with a triangulation approach or 

a fusion of data approach was not within the scope of this review. Those readers who 

are interested in such distinctions are referred to a recent literature review (Mu et al., 

2020) addressing this question. Table 1 in Appendix B summarises the modality used 

in the included papers and Fig.2 in Appendix C presents the distribution of papers 

belonging to each modality category. 

4.2 Existing evidence on the use of MMLA to support educational 

outcomes 

 
In this section, we address the first research question, which relates to the impact of 

technology on learning outcomes which is often at the forefront of demands from key 

educational stakeholders, including teachers, learners, parents, and policy-makers. This 

is not an unreasonable request; generating evidence on the impact of MMLA is 

necessary to justify our confidence in its potential to meet its expected educational 

value. Relying on empirical evidence (data received from the senses) and the respective 

epistemic stance (empiricism), we leverage the collected MMLA studies to address the 

research objective of this paper. In particular, this section addresses the first research 

question that focuses on the existing evidence on the use of MMLA to support 

educational outcomes. The papers are divided into six categories based on the evidence 

they provide: causal, correlational, descriptive, anecdotal, machine learning, and 

MMLA systems with no impact evaluations.  

Causal Evidence: Causality can be achieved by ensuring that the only difference 

between the group that receives an educational technology intervention and the 

comparison group is the intervention itself. Many guidelines for evidence-based 

practice indicate that the best-quality evidence comes from randomized controlled trials 

(RCTs) (Connolly et al., 2018). For increasing the trust of educational stakeholders in 

the value of MMLA for teaching and learning practice, it is essential to generate reliable 

causal evidence. In our systematic search, ten studies argued to provide causal evidence 

on the impact of an MMLA system, although among these 10 only one study used a 

randomized controlled trial methodology (Ochoa, & Dominguez (2020)). For instance, 

Ochoa & Dominguez (2020) evaluated the impact of an MMLA system in facilitating 

the acquisition of oral presentation skills. The results show that oral presentation skills 

can indeed be improved with the feedback provided by the MMLA system. Yet, the 

long-term engagement with the tool was suggested, and the impact of the systems’ 

feedback was still inferior to expert human’s feedback. Oviatt et al. (2015) examined 

simultaneous speech in groups of students as they jointly solved math problems and 

peer tutored one another and the results showed that simultaneous speech was 

associated with domain expertise and highly productive phases during group problem-

solving interactions. Junokas et al. (2018) presented an adaptable model for gesture 
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recognition of student interaction to develop stronger connections between students' 

physical actions and digital representations within a multimodal space, their results 

showed that there were statistically significant differences between the one‐shot model 

and the pre-trained model groups in all three stages. Papavlasopoulou et al. (2018) 

presented a study to utilize eye-tracking to understand children’s activity while they 

learn how to code and to investigate any potential association between children’s 

attitudes and their gaze. Their results showed a significant relationship between 

children’s attitudes (what they think about coding) and their gaze patterns (how they 

behaved during coding). Ahn and Harley (2020) investigated emotions' influence on 

learning outcomes, revealing that learners with an angry emotion profile had the highest 

learning gains. Larmuseau et al. (2020) captured physiological data to measure 

cognitive load during online complex problem-solving. The results showed that heart 

rate and skin temperature were significantly related to self-reported cognitive load, 

whereas skin temperature to task performance improved speaking time distribution and 

enhanced teacher intervention performance. Cornide-Reyes et al. (2020) presented 

NAIRA, a real-time feedback visualization platform for students’ verbal interactions to 

promote group work activities and showed that NAIRA helped teachers to monitor and 

facilitate the collaborative learning activity even remotely in virtual classrooms. 

Furthermore, the quantitative comparison of spoken interactions revealed differences 

in the distribution of speaking time between the monitored and unmonitored stages, 

with the NAIRA-supported stage showing a more homogeneous distribution of talking 

time. As part of a dual eye-tracking study, Sharma, Leftheriotis, et al. (2020) examined 

students’ collaboration, engagement, and learning outcomes during a learning activity 

and found that collaborative pairs that share a similar gaze achieve better learning. 

Vujovic et al. (2020) studied the role of table shape on student behaviour in 
collaborative problem-solving tasks and found that round tables have a positive impact 

on students’ level of participation. Lee-Cultura et al. (2020) found that the degree of 

avatar self-representation has a direct effect on children’s arousal, stress, focus, 

cognitive load, total body movement, and fatigue. 

    Correlational Evidence: Correlational evidence is the identification of the 

relationship between a condition or initiative and a specific outcome. When the results 

show correlations, these might be due to the intervention or another factor. The 

correlation results cannot answer “why” questions, yet they are still useful for arguing 

and hypothesizing about the potential impact of an intervention. In our systematic 

search, we identified twenty-eight papers that presented correlational evidence about 

the impact of an MMLA system. Those papers showed that students’ multimodal 

behavioural engagement correlates with their performance on various outcome 

measures including, undergraduate students’ final test performance (Ashwin & 

Guddeti, 2019); effective gesture use in teaching sessions (Barmaki & Hughes, 2018); 

recall competence in a vocabulary test ( Beardsley et al., 2018); science knowledge and 

group interactions (Anderson et al., 2016); content knowledge in microbiology 

(Emerson, Cloude, et al., 2020); Maths knowledge in (Liu et al., 2019); understanding 

of feedback loops (Andrade, 2017); exam grades in a physics course (Pijeira-Díaz et 

al., 2018); oral presentations (Roque et al., 2019); programming knowledge (Schneider, 

2019); performance in engineering-related computer games (Gomes et al., 2013);  

problem-solving performance in mathematics (Chen et al., 2016; Oviatt & Cohen, 

2013); collaborative learning (Huang et al., 2019; Nakano et al., 2015; Olsen et al., 
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2020; Reilly & Schneider, 2019); design quality and learning gains in hands-on 

engineering tasks (Worsley et al., 2015; Worsley & Blikstein, 2018, 2015); cognitive 

and affective aspects of tutorial dialogues (Vail et al., 2014); open-ended physical 

computing tasks (Spikol, Ruffaldi, Landolfi, et al., 2017); collaborative writing (Nöel 

et al., 2018); debate tutoring (Cukurova et al., 2019); learners' on-task engagement 

(behavioural, motivational, emotional) (Papamitsiou et al., 2020); collaborative 

problem-solving in virtual meetings (Vrzakova et al., 2020); metacognitive experiences 

(Dindar et al., 2020); and cognitive performance over diverse sets of cognitive tasks 

(Sharma, Niforatos, et al., 2020). 
Descriptive Evidence: Descriptive evidence stems from the summary of 

characterizing individuals and groups who use MMLA tools and depicting events, 

processes, trends, or relationships that emerge from users’ interaction with MMLA. 

This type of evidence can provide some insight into potential effectiveness; however, 

they are not considered as robust evidence of impact. Our systematic search revealed 

nine papers that provide some descriptive evidence about the impact of MMLA 

interventions to achieve educational outcomes. For instance, using an MMLA system, 

Oviatt (2013) found that domain experts were almost four times more likely to 

contribute correct solutions to group problems compared to non-experts. Similarly, J. 

Chen et al. (2016) showed that interest and confusion frequently occurred in learning a 

second language and that they are directly related to learning outcomes. In Boulton et 

al. (2018) the authors showed that fifteen out of seventeen tutors involved in the study 

have indicated that the MMLA system enabled the learners to achieve individual 

learning goals. Ochoa et al. (2018) reported that based on the individual interviews of 

nine randomly selected participants and questionnaires collected from 83 participants. 

Their results showed an overwhelmingly positive perception of the MMLA system, 
especially regarding perceived usefulness and feedback. Cornide-Reyes et al. (2019) 

found that the MMLA system’s capacity to identify the intensity of productivity and 

effort of student contributions, as well as the predominant personality styles of students, 

helped teachers to differentiate the groups. Martin et al. (2019)used facial expressions 

to locate learning moments, their results showed that emotion tracking can reveal some 

important moments of learning that have been missed in the qualitative coding. 

Riquelme et al. (2019) found that their MMLA system allows them to find and visualize 

nontrivial information regarding interrelations between subjects in collaborative 

working groups. Similarly, Riquelme et al. (2020) used beacons to collect, analyze and 

visualize student geolocation data during collaborative tasks that involve movement 

and interactions through a library space. Based on the measured times of detection 

zones, the authors described three kinds of student roles: the collectors, the 

ambassadors, and the secretaries. Tan et al. (2020) presented a case study to explore 

students participation and engagement with two videos of different learning activities 

recorded from a 360-degree perspective. The authors found that data analyses such as 

heatmaps, view displays, and areas of interest along with user behaviour data extracted 

from the system helped them better describe how each student interacted with the two 

videos. 
       Anecdotal Evidence: Anecdotal evidence is evidence from personal statements or 

claims based on one or more people’s personal experiences. When compared to other 

types of evidence, anecdotal evidence is generally regarded as limited in value due to 

several potential weaknesses regarding the evidence quality measurement values such 
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as subjectivity. Therefore, it is hard to argue about the impact of MMLA using only 

this type of evidence. However, this type of evidence can be extremely valuable in the 

early stages of prototyping and user requirements/needs analysis studies of MMLA. We 

found twelve studies that present anecdotal evidence about the impact of an MMLA 

system on achieving an educational outcome. For instance, in Saquib et al. (2018), ten 

teachers who have been interviewed with regards to the system usefulness indicated 

that the system enabled them to gain deeper insight into their classroom. In Martinez-

Maldonado, Mangaroska, et al. (2020), 45-60 minutes of semi-structured interviews 

were collected from teachers related to their reflection about the visual representations 

of classroom positioning data visibility, awareness, and accountability. The results of 

the study found that teachers appreciated the visualization of their movement traces. In 

Martinez-Maldonado, Echeverria, et al. (2020), based on 45 minutes of interviews with 

eight educators and 30 minutes of focus groups with students of all teams, they found 

that teachers and students appreciated the layers of storytelling. Similarly, MMLA 

systems were anecdotally argued to have a positive impact on improving teacher 

reflection (Howard et al., 2019); to increase student interactions in distance learning 

settings (Yueh et al., 2014); to better guide students’ reading behaviours (Huang et al., 

2014); to help teachers better observe students conversations in problem-solving 

activities (Keskinarkaus et al., 2016); to provide real-time feedback in collocated 

collaboration (Praharaj et al., 2018); to assess the use of mobile mixed reality in health 

education (Birt et al., 2019); to increase the effective use of LA systems ( Martinez-

Maldonado, Elliott, et al., 2020); to develop collaboration and problem-solving skills 

(Martinez-Maldonado et al., 2019); and to improve task performance (Abrahamson et 

al., 2016). 
      Machine Learning: Machine Learning provides evidence derived through 
prediction through the use of machine learning techniques, such as decision trees and 

neural networks. We identified nineteen papers that provided machine learning 

evidence on the outcome of an MMLA system. The papers cover a wide range of areas 

including predicting learning retention (Hwang et al., 2011); expertise and academic 

performance (Chango et al., 2019; Giannakos et al., 2019; Luz, 2013); performance in 

problem-solving in coding (Mangaroska et al., 2020); in Maths (Ochoa et al., 2013); in 

collaborative activities (Chejara et al., 2020; Schneider & Blikstein, 2015); in open-

ended project-based activities (Spikol et al., 2018; Spikol, Ruffaldi, & Cukurova, 

2017); in face-to-face collaborative problem-solving activities (Cukurova, Zhou, et al., 

2020) and to predict students’ dialogue acts (Ezen-Can et al., 2015) and oral 

presentation skills (Munoz et al., 2018). More from the teachers perspective, ML was 

used to process multimodal data to identify teachers’ key instructional segments to 

assess their instruction (Donnelly et al., 2016) and to extract orchestration graphs 

including teaching activities and their social plane over time  (Prieto et al., 2018). In 

addition, other studies focused on engagement to predict efficacious learning practices 

(Worsley, 2018), in the contexts of museums (Emerson, Henderson, et al., 2020); the 

context of an adaptive assessment platform (Sharma, Papamitsiou, et al., 2020) and 

learning with the internet of things (Camacho et al., 2020). 

Proposing MMLA prototypes without specific evidence on impact: The search pointed 

to twenty-two studies that proposed MMLA prototypes, yet did not provide any specific 

evidence about the impact of the system on the expected educational outcomes. The 

papers cover a wide range of topics including classroom analytics for teacher 
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orchestration (Prieto et al., 2016; Rodriguez Triana et al., 2017); group (Hsieh et al., 

2010); reading comprehension (Lai et al., 2013); learner concentration (Su et al., 2013);  

teaching proficiency (Barmaki, 2015); improving students’ talk-time and nonverbal 

behaviours in virtual classrooms (Barmaki & Hughes, 2015); Maths learning from 

online platforms (Alyuz et al., 2017; Liu et al., 2018); healthcare training ( Martinez-

Maldonado et al., 2017); location analytics through proximity, location and motion data 

(Martinez-Maldonado et al., 2018); emotion and expression recognition (Deshmukh et 

al., 2018); collaborative (Noroozi et al., 2019); learning to dance salsa (Romano et al., 

2019); to detect and resolve learning gaps in general (Tamura et al., 2019); predicting 

children’s academic performance from games (Lee-Cultura, Sharma, & Giannakos, 

2020); to model learner behaviours in adaptive assessments (Sharma et al., 2019). 

Teacher gestures; cognitive, motivational and emotional aspects of science learning 

(Järvenoja et al., 2020); reflections on teaching practice (Eickholt, 2020) and gestures 

(Correa et al., 2020). Besides, Lew and Tang (2017)  measured anxiety during EFL 

(English as a Foreign Language) essay writing with MMD from heart rate and galvanic 

skin response, but their results on educational outcomes were inconclusive and 

Beardsley et al. (2020) study focused on consent forms in MMLA research. Table.2 in 

Appendix D, summarizes the evidence of included papers. Fig.3 in Appendix E presents 

the distribution of papers per evidence type. 

4.3 Ethical Considerations Highlighted and Addressed in MMLA 

Research 

In this section, we address the second research question, which relates to the extent to 

which the papers identified in the SLR discuss the ethical considerations surrounding 

the design and use of their MMLA systems. thirteen papers have been identified to 

briefly discuss ethical considerations including privacy, consent of participants, data 

management issues, and ethical clearance from their home institute. In particular, Liu 

et al. (2019)  noted that anonymized student IDs were stored on a secured research hard 

drive, but the paper did not clarify if the two-level data anonymization approach was 

adopted here or not to secure the students’ privacy. Also, there were no ethical 

considerations regarding potential privacy concerns from the recorded pervasive data. 

Donnelly et al. (2016) captured audio recordings instead of video recordings because 

the former cause far fewer privacy concerns. However, the authors did not state any 

particular privacy concerns related to the use of video data in their research, for 

instance, the fact that students are more likely to be identified in a video compared to 

an audio recording. Keskinarkaus et al. (2016) suggested processing video and audio 

data and anonymizing the identity of the students in the future to allow the sharing and 

using of recorded clips in the discussion while preventing privacy violations. However, 

they did not discuss the details of the potential implications of these decisions. 

Martinez-Maldonado et al. (2019) recommended that consent recording strategies 

should be operationalized to address ethical and data privacy issues of small group 

collaboration analysis. Martinez-Maldonado et al. (2018) also highlighted that future 

work should explore the ethical issues that can emerge from MMLA. Similarly, 

Rodriguez Triana et al. (2017) raised an issue related to privacy and user traceability 

stating that GDPR requirements might lead future technology to generate only 
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anonymous data, Martinez-Maldonado et al. (2017) recommended that issues related to 

privacy, consent, and data management should be considered when deploying learning 

analytics in real educational settings to produce sustainable strategies to handle these 

issues without stretching the classroom time; and Nöel et al. (2018) stated that 

participant’s privacy has been protected by labelling the collected survey with 

identification codes (the number of the team they were in and the microphone they were 

using).  

We were not able to find many studies that discuss the ethical implications of MMLA 

research from our first search. However, our second search covering papers from 2020 

indicates that emerging studies appeared to be paying more attention to this dimension3. 

For instance,  Martinez-Maldonado, Echeverria et al. (2020) stated that the analysis of 

their study was undertaken in a way that takes considerations with regards to ethical 

concerns around human accountability, algorithmic transparency and manipulability, 

risks from bias and errors and data privacy concerns into account. Additionally, the 

authors discussed data privacy issues such as data ownership, sharing, and de-

identification in their discussions. Moreover, Martinez-Maldonado, Mangaroska et al. 

(2020) discussed some concerns around ethics, data privacy and pervasive surveillance. 

In their discussions, the potential impact of sharing instructional positioning data with 

other stakeholders on teachers’ accountability was questioned as potential malpractice 

due to concerns about surveillance. Correa et al. (2020) mentioned that the procedure 

followed in their study has no privacy problems even if children have been recorded 

since the uploaded data is mainly OpenPose output files of students’ skeletons without 

any faces and any revealing information from the students. Martinez-Maldonado, 

Elliott, et al. (2020) stated that the accountability questions presented in their paper 

including who should have access to the collected data, whether it should be available 
to the different roles including teachers, coordinators and students, can these data be 

used to assess the students' performance and how to protect students’ privacy helped 

teachers to move beyond identification of privacy issues into the formulation of 

strategies to overcome these. Besides, a recent paper by Beardsley et al. (2020) 

introduced an informed consent comprehension test for MMLA research, that goes 

beyond the GDPR requirements and recognises the importance of students and teachers 

to be fully aware of the MMD they provide while they interact with MMLA systems. 

Their finding showed a low rate of enrolment as a result of the participant-oriented 

consent therefore, they suggested that more work need to be done to compromise this 

issue. However, none of the papers covered in this review specifically addressed the 

ethical issues or addressed the concerns raised, nor did any of the papers suggest 

systematic methods of mitigating potential unintended consequences. Instead, they 

appeared to indicate their possible concerns, the immediate need for ethics research in 

LA, and the suggestion that future research should be concentrated on the ethical 

implications of MMLA.  

 
3 This interpretive increase might be coincidental, noise, or indeed a trend, yet this would 

require further research investigations to be supported in the future. 
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5 Discussion 

One of the most influential essays in the history of law is the article written by Warren 

and Brandeis (1890) in Harvard Law Review, called "The Right to have privacy". This 

publication is regarded as the first in the United States to advocate a right to privacy, 

frequently referred to as humans’ "right to be let alone". There is a clear lack of privacy 

definition. Although a unified definition of privacy in general, as well as a unified 

definition of privacy in learning analytics research environments, is elusive (Pardo & 

Siemens, 2014), the ethical issues that emerge in the context of Learning Analytics and 

the need for a set of principles are of paramount importance. It is important to note that 

MMLA is different from LA in that MMLA involves capturing new high-frequency 

data for all human activity which can provide a more in-depth insight into the learning 

process (Blikstein, 2013), but may potentially be implemented in a highly intrusive 

manner (i.e face-recognition). However, since MMLA include data such as facial 

features, multiple dimensions of ethical considerations open up. Participants are more 

likely to be identified in MMLA compared to LA which relies mainly on the log data 

and clickstream. Therefore, are more prone to all key ethical issues highlighted above 

(privacy, transparency, fairness, accountability etc.).  

The results presented above highlight the existing gap of robust impact evaluations and 

in-depth discussions of ethical considerations with regards to the design and use of 

MMLA in educational settings. Although 13 papers identified in this SLR briefly 

mentioned some aspects of the potential ethical challenges of working with MMD, they 

do not go beyond looking at the consent form advancements, universities’ ethics 

regulation checkbox attempts, or a “brief lip-service” to the importance of ethics in 

research. What currently appears to be missing is an in-depth discussion about the 

ethical considerations that should be taken into account when MMD, some of which by 

nature are invasive such as EEG, skin conductors, some eye-tracking devices, are 

collected, processed, and visualised. Considerations of potential ethical and practical 

issues in the use of MMD are the first steps towards potentially hypothesising 

suggestions for feasible solutions to move forward. Therefore, in this section, we 

present a discussion of the relevant ethical considerations drawing examples from the 

broader areas of AI in Education and LA. These pointers can shape and encourage 

contributions from the community of MMLA researchers to help us move the 

discussion forward.  

Within the last few years, thanks to the proliferation of AI research in general, there 

have been significant attempts to address the ethical challenges of AI implementations 

in social contexts. This research provides ideal starting points for MMLA researchers 

to initially address their current issues and extend upon them. Research covering the 

ethical considerations of AI range from general guidelines (Morley et al., 2019) to very 

specific checklists (Zook et al., 2017). More specific to Learning sciences (LS), 

Prinsloo and Slade (2013), provides a six principles framework for high education 

institutes taking a sociocritical approach. The framework has covered several important 

issues related to LA including 1- considering learning analytic as a moral practice to 

understand rather than measuring. 2- involving students as active agents and engaging 

them as collaborators, 3- students’ performance and identity collected from LA should 

be kept for an agreed period of time, 4- LA is not enough to understand student success 

as learning is a non-linear process, 5- institutions should be transparent about the 
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purpose of the data collection, who should have access to this data and what measures 

have been taken to protect students’ identity, and 6- learning analytics provide a 

significant amount of data that Higher Education cannot afford not to use it, but should 

do it sustainably and ethically. Even though the framework was set out as a good start 

point towards ethical considerations of LA, it also has space for improvement to be 

used in MMLA research. First, as the proposed considerations have been designed for 

traditional LA, there is no particular focus on multimodal data collected from the 

physical spaces. This requires additional attention because most multimodal data (i.e 

EEG)  and their collection and modelling techniques (i.e face recognition systems) by 

nature are more invasive than traditional keystroke and log data. Second, the framework 

does not address issues with more specific dimensions of ethical considerations such as 

accountability of the LA system decisions, fairness, equity and bias related to 

algorithmic predictions or the datasets. Finally, the proposed framework seems to be 

too broad to be easily applicable for practitioners, developers, and researchers of the 

MMLA field. For such purposes, a detailed checklist or guidance document might be 

more appropriate. For instance, Drachsler and Greller (2016) drew upon the experience 

of a large scale EU project and provided an eight-point checklist of ethical 

considerations named DELICATE. The checklist provides a practical and quick tool to 

check any data privacy issues that might arise along with the use of LA solutions. 

However, since the focus of this checklist was mainly on data privacy concerns 

including data collection, sharing, storing anonymization and transparency in data 

collection, from a broad ethical considerations point of view it may fall short. Similar 

points were also raised by Kitto and Knight (2019) who discussed the DELICATE 

checklist in their paper arguing for practical ethics for building LA solutions. Such 

broad considerations of ethics were recently discussed by Hakami and Hernandez-Leo 

(2020)’s review of their recent paper aiming to summarise the field’s considerations on 

fairness, accountability, transparency, and human wellbeing. The paper has provided a 

valuable in-depth discussion about these concerns, the paper did not consider MMD 

and potential specific considerations of data from physical spaces. In addition, Johanes 

and Thille (2019) conducted interviews with technical infrastructure builders in higher 

education focusing on three themes including ubiquitous ethics. They suggested that 

the results can inform researchers, policymakers and infrastructure to better understand 

the building process and experience. In addition, the EU's General Data Protection 

Regulations (GDPR) also provide a general frame for any research that included human 

factors a recent publication (Beardsley et al., 2020) depicts the role and potential 

limitations of existing written consent forms (e.g., comprehension). However, as 

previous research suggests, such general guidance suggestions’ effectiveness is very 

limited when it comes to the behaviour of technology professionals (McNamara et al., 

2018). It becomes clear that developers, research and educational practitioners become 

frustrated by how little help is offered by highly abstract principles of AI ethics when 

it comes to their ‘everyday practice at work’ (Calvo & Peters, 2019). Therefore, the 

general suggestions and key dimensions should be contextualised in specific research 

areas. However, as the SLR results reveal, the ethical aspects of MMLA research are 

rarely considered in publications. 

At last but not least, in this review paper, we have used two existing frameworks, but 

appropriated and extended them accordingly to align them with the specifics of MMLA 

research. First, we built upon an impact evaluation framework that is generally 
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applicable to educational technology evaluations and categorises evidence into 

anecdotal, descriptive, correlational, causal evidence (Cukurova & Luckin, 2018). We 

added the types of evidence that are common for MMLA studies including iterative 

prototyping with no specific evidence on the impact and machine learning. Second, the 

framework for ethical dimensions, we adopted ACM’s FAccT research 

(https://facctconference.org) involving fairness, accountability, and transparency. Here, 

we have extended it with considerations on privacy and bias as these dimensions are 

also frequently brought up as ethical concerns in learning analytics research and its 

relevant discussions. Both frameworks used in this paper can benefit future researchers 

and review studies to structure their findings and discussions.  

5.1 Limitations  

This is the first review paper that discusses the evidence of impact and ethical 

considerations with regard to the design and use of MMLA in educational settings. 

Although we adopted a systematic search considering all the major databases and 

following the steps set out by Kitchenham and Charters (2007), our work should be 

seen through the lens of some limitations. First, the methodological decisions (e.g., 

selection of databases, the search query) might introduce certain biases into the results. 

Second, the quality check and selection of the studies and their coding might pose 

another possible bias. However, the focus was clearly on the empirical evidence from 

the most eminent databases, and the coding of papers was performed by researchers 

with vast experience in learning analytics and learning technology. Third, some 

elements of the papers might not be described accurately or using different terminology. 

However, we extracted the needed information as accurately as possible. Fourth, we 

are aware that several publication venues do not require an ethical statement, therefore 

there might be ethical considerations that have been taken into consideration, but not 

properly reported to the published papers, and therefore this information is currently 

missing from our review. Fifth, we recognise that the search might have missed some 

system examples that support multimodality yet were positioned in areas that do not 

particularly focus on learning and/or analytics. The purpose of the present paper was to 

scan and report on the relevant literature from MMLA systems only, and not from other, 

broader research communities (i.e., affective computing or User Modeling Adaptation 

and Personalization (UMAP)), in which the term “multimodality” may be perceived 

from a different viewpoint, and the focus is not on the MMLA per se. Moreover, we 

recognize that different approaches, such as scoping review, narrative review, 

systematic mapping study or integrative review, might have also been employed and 

offer other benefits that serve valuable purposes (e.g., creating a map of a wide research 

field). Despite the limitations of our methodological decisions, the selected method and 

implementation adhered to is well-accepted and widely used in the area of learning 

technologies, providing certain assurance of the results.  

6 Conclusions 

The SLR showed that there is very limited reliable evidence showing the real-world 

impact of MMLA systems on educational outcomes. Most published research lacks 

https://facctconference.org/
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strong causal evidence on the value of MMLA systems to improve educational 

outcomes. Perhaps more importantly, very few of the MMLA papers attempt to address 

key ethical issues within the context of MMLA. These issues of the lack of real-world 

impact and the lack of research regarding potential ethical concerns about the use of 

MMLA can to some extent be generalised to the LA field in general (Dawson et al., 

2019; Ferguson & Clow, 2017). However, MMD and more sophisticated methods used 

to analyse them in MMLA systems are likely to bring further complexities to be 

considered in these key dimensions. A recent work that stands out concerning the 

adoption was just published while finalizing this chapter (Dominguez et al., 2021). This 

work is one of the first (or as the authors argue, the first) that proposes, executes, and 

evaluates an MMLA application (an automated oral presentation feedback system) into 

an institution-wide setting. The authors provide a set of challenges with regards to 

technological, logistical, and pedagogical aspects, and highlight that for the MMLA 

application to be adopted, there are five important aspects: 1) instructors advocacy; 2) 

simple system; 3) good integration with the existing practices; 4) smooth logistics and 

5) some positive evidence. Both, aspects one and three, require a value alignment in 

terms of ethical considerations between the practitioners and MMLA systems’ design 

features. Moreover, aspect five highlights the need for impact evaluations of such 

systems in real-world settings and the important role of “positive evidence” to increase 

adoption. 
However, the conclusions drawn from this systematic literature review should not 

encourage all MMLA researchers to focus on generating only quantifiable evidence or 

only causal evidence; or focus only on the ethical implications of their research. 

Different stages of MMLA development would benefit from different types of impact 

evaluations and different research expertise may be required to formulate and possibly 
address the ethical concerns of this research stream. In contrast to early prototypes 

where anecdotal and descriptive evidence can improve MMLA systems in early stages, 

mature solutions may require causal evidence to prove their value to educational 

researchers and practitioners. Our goal here is to highlight the lack of research 

generating causal evidence of impact and addressing the ethical implications of 

MMLA. For MMLA research to stay relevant and become part of mainstream 

education, future research should aim to address these gaps.  
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WOS 

·   TS= (("multi*modal data" OR "multi*modal learning analytics" OR "Multi*modal* 

signal*"  OR "multi*channel*"  OR "sensing technolog*"  OR "Gesture* 

Recog*"  OR "multi*modal information*")  AND  (learn*  OR acqui*  OR 

Teach*  OR interact*)  AND  ("Physical space*"  OR "physical place*"  OR 

"physical environment*"  OR classroom*  OR "physical space*"  OR "physical 

analytics"  OR "tangible interaction*")  AND  (dashboard  OR tool*  OR 

technolog*))   

Scopus 

·   TITLE-ABS-KEY ( ( "multimodal data"  OR  "multimodal learning 

analytics"  OR  "Multimodal* signal*"  OR  "multi*channel*"  OR  "sensing 

technolog*"  OR  "Gesture* Recog*"  OR  "multimodal information*" )  AND  ( 

learn*  OR  acqui*  OR  teach*  OR  interact* )  AND  ( "Physical 

spac*"  OR  "physical plac*"  OR  "physical 

environment*"  OR  classroom*  OR  "physical analytics"  OR  "tangible 

interaction*" )  AND  ( dashboard  OR  tool*  OR  technolog* ) )   

ACM 

·   AllField:( ("multimodal data" "multi modal data" "multimodal learning 

analytics"  "multi modal learning analytics" "Multimodal signal" "Multi modal 

signal" multichannel "multi channel"   "sensing technology" "sensing 

technologies"  "Gestures Recognition" "multimodal information" "multi modal 

information") ) AND AllField:(( learn*  acqui*  Teach* interact*)  ) AND 

AllField:(( "Physical space" "physical places" "physical environment" "physical 

environments"  classroom "physical analytics" "tangible interaction")  ) AND 

AllField:((dashboard OR tool* OR technolog* )) 

IEEE 

·   ((("All Metadata": "multimodal data" OR "multi modal data" OR "multimodal 

learning analytics" OR "multi modal learning analytics" OR "Multimodal signal" 

OR "Multimodal signals" OR "Multi modal signals" OR "Multi modal signal" OR 

"multi channels" OR multichannel OR "multi channel" OR "multi channels" OR 

"sensing technology" OR "sensing technologies" OR "Gesture Recognition" OR 

"Gestures Recognition " OR "multimodal information" OR "multi modal 

information" OR "multi-modal informations" OR "multimodal informations" ) AND 

( "All Metadata":learn* OR acqui* OR Teach* OR interact OR interaction ) AND ( 

"All Metadata": "Physical space" OR "Physical spaces" OR "physical place" OR 

"physical places" OR "physical environment" OR "physical environments" OR 

classroom OR "physical analytics" OR "tangible interaction" OR "tangible 

interactions") AND ( "All Metadata": dashboard OR tool* OR technolog* ) )) 
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APPENDIX  B 

 

Table 1. Overview of studies concerning their modality 

 

Modality 

  

Measurements References 

  

Video 

and audio 

Presenter’s pose, 

gaze direction, 

visual attention 

Alyuz et al., 2017; Andrade, 2017; Boulton et al., 

2018; Cornide-Reyes et al., 2019; Huang et al., 

2014; Hwang et al., 2011; J. Chen et al., 2016; L. 

Chen et al., 2016; Ochoa & Dominguez, 2020; 

Ochoa et al., 2018; Su et al., 2013; Tamura et al., 

2019; Tan et al., 2020; Worsley et al., 2015.  

Audio, dialogue’s 

characteristics 

  

Anderson et al., 2016; Boulton et al., 2018; 

Chejara et al., 2020; Cornide-Reyes et al., 2020; 

Cukurova et al., 2019; Donnelly et al., 2016; 

Eickholt, 2020; Howard et al., 2019; 

Järvenoja et al., 2020; Keskinarkaus et al., 2016; 

L. Chen et al., 2016; Luz, 2013; Liu et al., 2019;  

Liu et al., 2018; Martinez-Maldonado et al., 

2017;Martinez-Maldonado et al., 2019; Martinez-

Maldonado, Elliott, et al., 2020; Nakano et al., 

2015; Nöel et al., 2018; Ochoa & Dominguez, 

2020; Ochoa et al., 2013; Ochoa et al., 2018; 

Olsen et al., 2020; Oviatt & Cohen, 2013; Oviatt 

et al., 2015;  Oviatt, 2013; Praharaj et al., 2018; 

Prieto et al., 2018; Riquelme et al., 2019; 

Sharma, Leftheriotis, et al., 2020;  Spikol et al., 

2018;   

Spikol, Ruffaldi, & Cukurova, 2017; 

 Spikol, Ruffaldi, Landolfi, et al., 2017;  

Vrzakova et al., 2020; Worsley & Blikstein, 

2018; Worsley et al., 2015; Worsley, 2018; Yueh 

et al., 2014.  

Facial data and 

emotions 
Ahn & Harley, 2020; Alyuz et al., 2017; Ashwin 

& Guddeti, 2019; Boulton et al., 2018; 

Deshmukh et al., 2018; Emerson, Cloude, et al., 

2020; 
Emerson, Henderson, et al., 2020; Giannakos et 

al., 2019; J. Chen et al., 2016; Järvenoja et al., 
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2020; Keskinarkaus et al., 2016; L. Chen et al., 

2016; Lee-Cultura, Sharma, & Giannakos, 2020; 

Lee-Cultura, Sharma, Papavlasopoulou, et al., 

2020; Mangaroska et al., 2020; Martin et al., 

2019; Liu et al., 2018; Papamitsiou et al., 2020; 

Sharma, Niforatos, et al., 2020; Sharma, 

Papamitsiou, et al., 2020; Vail et al., 2014; 

Worsley et al., 2015; Yueh et al., 2014 . 

Posture and 

gesture, body 

movement, 

distance, motion, 

Position 

Andrade, 2017; Ashwin & Guddeti, 2019;  

Correa et al., 2020; Cukurova, Zhou, et al., 2020; 

Howard et al., 2019;  Keskinarkaus et al., 2016; 

Ochoa et al., 2013; Oviatt & Cohen, 2013; Oviatt 

et al., 2015 ; Oviatt, 2013; Spikol et al., 2018; 

Spikol, Ruffaldi, & Cukurova, 2017;Spikol, 

Ruffaldi, Landolfi, et al., 2017; Tamura et al., 

2019; Vrzakova et al., 2020; Vujovic et al., 2020. 

Eye-

tracking 

  

Learners’ 

concentration 

level, visual 

attention and 

habits 

Abrahamson et al., 2016; Ahn & Harley, 2020;  

Emerson, Cloude, et al., 2020; Emerson, 

Henderson, et al., 2020; Giannakos et al., 2019; 

Gomes et al., 2013; Huang et al., 2019; Lee-

Cultura, Sharma, & Giannakos, 2020; Lee-

Cultura, Sharma, Papavlasopoulou, et al., 2020; 

Mangaroska et al., 2020; Olsen et al., 2020; 

Papamitsiou et al., 2020; Prieto et al., 2018; 

Reilly & Schneider, 2019; Schneider, 2019; 
Sharma et al., 2019;  Sharma, Papamitsiou, et al., 

2020; Tamura et al., 2019. 

Learners’ gaze in 

off-screen activity 

Nakano et al., 2015;  Papavlasopoulou et al., 

2018 
 Prieto et al., 2016;  Sharma, Leftheriotis, et al., 

2020.  

Skin 

sensing 

  

Student’s 

physiological 

data, arousal and 

EDA 

 Dindar et al., 2020; Giannakos et al., 2019;  

Hwang et al., 2011;  J. Chen et al., 2016; 

Järvenoja et al., 2020; Huang et al., 2019; Lee-

Cultura, Sharma, & Giannakos, 2020; Lee-

Cultura, Sharma, Papavlasopoulou, et al., 2020; 

Lew and Tang,  2017;  Liu et al., 2018; 

Mangaroska et al., 2020;  Martinez-Maldonado et 

al., 2018 ; Martinez-Maldonado, Echeverria, et 

al. 2020;  Martinez-Maldonado, Elliott, et al., 

2020; Noroozi et al., 2019;  Papamitsiou et al., 

2020; Pijeira-Díaz et al., 2018; Reilly & 
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Schneider, 2019;  Schneider, 2019; Sharma, 

Papamitsiou, et al., 2020; Tamura et al., 2019; 

Worsley & Blikstein, 2015; Worsley & Blikstein, 

2018; Worsley et al., 2015. 

Students’ 

cognitive load 

Larmuseau et al., 2020; Sharma, NifoIn-deptht 

al., 2020; 

In depth 

camera 

Posture and 

gesture 

Barmaki & Hughes, 2015; Barmaki & Hughes, 

2018; Barmaki, 2015; Boulton et al., 2018; 

Emerson, Henderson, et al., 2020; Ezen-Can et 

al., 2015; Huang et al., 2019; Junokas et al., 

2018; Lee-Cultura, Sharma, & Giannakos, 2020; 

Lee-Cultura, Sharma, Papavlasopoulou, et al., 

2020;  Martinez-Maldonado et al., 2017; 

Martinez-Maldonado et al., 2019; Munoz et al., 

2018; Romano et al., 2019;  Roque et al., 2019; 

Schneider & Blikstein, 2015; Schneider, 2019; 

Spikol et al., 2018; Vail et al., 2014; Worsley & 

Blikstein, 2015; Worsley & Blikstein, 2018; 

Worsley et al., 2015; Worsley, 2018. 

Location 

sensing 

Location, position 

and duration, 

movement 

Camacho et al., 2020; Eickholt, 2020; Hsieh et 

al., 2010;   Martinez-Maldonado et al., 2018; 

Martinez-Maldonado, Echeverria, et al. 2020;  

Liu et al., 2018;  Martinez-Maldonado, 

Mangaroska, et al., 2020 ; Prieto et al., 

2016;  Prieto et al., 2018; Reilly & Schneider, 
2019; Riquelme et al., 2020; Saquib et al., 2018. 

Pressure 

sensing 

Sitting position  Hwang et al., 2011; Su et al., 2013. 

EEG 

sensor 

EEG data, brain 

activity 

Beardsley et al., 2018; Giannakos et al., 2019; 

Papamitsiou et al., 2020; Prieto et al., 

2016; Sharma et al., 2019; Sharma, Papamitsiou, 

et al., 2020; Tamura et al., 2019. 
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Fig. 2.  The distribution of papers belonging to each modality category 
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Table 2. Overview of studies concerning their evidence 

 

 

Evidence References 

Causal Evidence 

(10) 

Ahn & Harley, 2020; Cornide-Reyes et al., 2020; Junokas et 

al., 2018; Larmuseau et al., 2020; Lee-Cultura, Sharma, 

Papavlasopoulou, et al., 2020; Ochoa & Dominguez, 2020; 

Oviatt et al., 2015; Papavlasopoulou et al., 2018 ; Sharma, 

Leftheriotis, et al., 2020; Vujovic et al., 2020.  

Correlational 

Evidence (28) 

Anderson et al., 2016; Andrade, 2017; Ashwin & Guddeti, 

2019; Barmaki & Hughes, 2018; Beardsley et al., 2018; 

Cukurova et al., 2019;  Dindar et al., 2020; Emerson, 

Cloude, et al., 2020; Gomes et al., 2013; Huang et al., 2019; 

L. Chen et al., 2016; Liu et al., 2019; Nakano et al., 2015; 

Nöel et al., 2018; Olsen et al., 2020; Oviatt & Cohen, 2013; 

Papamitsiou et al., 2020; Pijeira-Díaz et al., 2018;  Sharma, 

Niforatos, et al., 2020; Reilly & Schneider, 2019; Roque et 

al., 2019; Schneider, 2019;  Spikol, Ruffaldi, Landolfi, et al., 

2017;  

Vail et al., 2014; Vrzakova et al., 2020; Worsley & 

Blikstein, 2015; Worsley & Blikstein, 2018; Worsley et al., 

2015.   

Descriptive 

Evidence (9) 

Boulton et al., 2018  ;  Cornide-Reyes et al., 2019; J. Chen et 

al., 2016; Martin et al. 2019;  Ochoa et al., 2018; Oviatt, 

2013;  Riquelme et al., 2019; Riquelme et al., 2020; Tan et 

al., 2020.  

Anecdotal 

Evidence (12) 

Abrahamson et al., 2016; Birt et al., 2019; Howard et al., 

2019;  Keskinarkaus et al., 2016; Martinez-Maldonado et al., 

2019 ;  Martinez-Maldonado, Elliott, et al., 2020;  Martinez-

Maldonado, Echeverria, et al. 2020;  Martinez-Maldonado, 

Mangaroska, et al., 2020 ; Praharaj et al., 2018; Saquib et al., 

2018;  Huang et al., 2014; Yueh et al., 2014.  

Machine Learning 

(19) 

Camacho et al., 2020; Chango et al., 2019; Chejara et al., 

2020; Cukurova, Zhou, et al., 2020; Spikol, Ruffaldi, & 

Cukurova, 2017; Donnelly et al., 2016; Emerson, 

Henderson, et al., 2020; Ezen-Can et al., 2015; Giannakos et 
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al., 2019; Hwang et al., 2011; Luz, 2013;  Mangaroska et al., 

2020;  Munoz et al., 2018; Ochoa et al., 2013; Prieto et al., 

2018; Schneider & Blikstein, 2015; Sharma, Papamitsiou, et 

al., 2020;  Spikol et al., 2018; Worsley, 2018. 

Proposing MMLA 

prototypes with no 

specific evidence 

on impact (22) 

Alyuz et al., 2017; Barmaki & Hughes, 2015;  Barmaki, 

2015; Beardsley et al. 2020; Deshmukh et al., 2018; 

Eickholt, 2020;  Correa et al., 2020; Hsieh et al., 2010; 

Järvenoja et al., 2020; Lai et al., 2013  ; Lee-Cultura, 

Sharma, & Giannakos, 2020; Lew and Tang,  2017;  Liu et 

al., 2018;  Martinez-Maldonado et al., 2017;  Martinez-

Maldonado et al., 2018; Noroozi et al., 2019; Prieto et al., 

2016;  Rodriguez Triana et al., 2017;  Romano et al., 2019; 

Sharma et al., 2019; Su et al., 2013; Tamura et al., 2019. 
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Fig. 3. The distribution of papers per evidence type 
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