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F oreword
 

Pete Smith 
University of Texas at Arlington 

In 2017, I asked in a book chapter title: Has learning analytics had its Moneyball 
moment? The world of education was and is awash with data about and from our 
learners. And researchers in the emerging field of learning analytics were begin­
ning to make signifi cant breakthroughs in our understanding of the classroom, 
the learning process, and curricula writ large. As educators and scholars we were 
poised, as were the Oakland As in the well-known book and film, to transform 
and deepen understanding of “our sport.” 

Add to that momentum the “Great Onlining” of 2020, when so many of our 
institutions of higher education in particular moved quickly to online teaching 
and learning in the face of a pandemic. This rapidly increased our available data 
related to instruction and learning. If anything, institutions were faced with not 
only “big data,” but also “even bigger data” to use for both learning as well as 
institutional analytics. 

But what has been clearly emerging in the past several years, in both the 
research and practitioner literatures, is a palpable sense of professional unease 
in the learning analytics area. Beyond research, educational practitioners at all 
levels focused on the data and analytics of our profession, with a nagging voice 
asking us all for ROI, often in a business sense, proof of the impact of our work. 
Can we clearly and cleanly link improved student retention or graduation rates 
to interventions based on our ever-accumulating data? And did the costs in 
tools, technology, and talent justify further focus and investment of human and 
fi nancial resources? 

There were and are, in fact, early ROI successes in learning analytics. Institu­
tions in the U.S. and around the world are applying systems to monitor and model 
student performance and success, providing a window into student engagement 
that we honestly have lacked at the institutional level. The educational data 
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market has seen the emergence of a range of these applied tools specifi cally 
designed for supporting students and measuring impact in our big data world. 

Academic administrators at my institution make use of data and modeled out­
comes from our Civitas machine learning models to better understand the learn­
ers in their colleges and departments. AI models today reveal clear indicators of 
student success and engagement, as well as potential pathways for intervention 
when a learner struggles. Faculty and staff across my campus use these modeled 
data to better communicate with and support learners at my institution. It is 
having a demonstrable impact. This is the “real world” of learning analytics— 
learning analytics “on the ground.” 

However, beyond the pristine cases of student progression and graduation 
rates, ROI remains a challenging concept in the teaching and learning space. 
Truth be told, there are very few clean business cases for analytics investment 
even in the worlds of business and industry. In the higher ed setting, our growth 
in analytics-trained personnel takes place alongside the general development of 
a campus culture of data usage, training of faculty and staff in learning analyt­
ics, and personnel growth in areas such as advising, coaching, and scaff olding 
students on their educational journeys. Can I as an administrator pinpoint the 
clear and identifi ed fiscal impact of one particular new data analytics tool, or 
a single new staff position specialized in learning data and their analysis? Too 
often the answer to that question is “yes . . . but,” and that does leave that same 
sense of unease. 

Without using a sports metaphor, Neil Selwyn (2019) asked a similar question, 
perhaps slightly more bluntly: “What’s the problem with learning analytics?” 
That author raised concerns about the “profit-driven machinations” of the “data 
economy,” and cited in particular a “blind faith in data,” techno-solutionism 
and the issues of fairness and equity in the socio-economic and political contexts 
of learners.” To restate Selwyn’s concerns: Are we putting blind faith in the data 
and the emerging technologies we have at our disposal as educators? And are the 
algorithms that drive student retention modeling also algorithms of economic 
and societal misrepresentation? 

The challenges of data-solutionism in our fi eld are concrete. In my role as an 
analytics leader, I often open presentations to faculty colleagues with the ques­
tion: Where is the data in your teaching? That query frequently leads to spirited 
discussion, and I do more often than not come away from such encounters with 
a stronger sense of the very human nature of teaching and learning. Indeed, 
Selwyn (2019) notes the larger tension between “ ‘dataphiles’ who consider that 
everything is quantifiable, calculable, and potentially party to statistical con­
trol” and “ ‘data sceptics’ who feel that education is an area where this logic is 
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not appropriate”—the larger concept that education simply cannot be viewed 
through what Beer (2018) has called the “data gaze.” 

And there is no shortage of techno-solutionism in the rapid rise of artifi ­
cial intelligence. Wajcman (2019) cautions against the belief, perhaps idealistic, 
that individuals and social systems are essentially programmable machines, and 
argues that a technology-centered approach clearly underestimates the complex­
ity of our educational settings. To this, the technological idealists will point 
out that in fact our AI models today are ever-increasing in complexity and the 
subtlety of the insight they provide. And today we are demanding of the algo­
rithms not only increased efficiency but also results that can not only be acted 
upon but also better understood. Large scale responses to machine intelligence 
such as the European Union’s AI regulation plan will bring these debates center-
stage for several years to come. 

Indeed, as analytics professionals, educational researchers, and applied data 
scientists, we all are faced daily with questions of fairness and equity: do the data 
we collect equitably portray the broadest range and depth of our diverse learn­
ers, and offer avenues for student success that are sensitive to our multicultural 
and multidimensional student body? Obviously, there is work to be done in our 
now-global context for teaching and learning. 

Despite these critical concerns and a palpable sense of disillusion or transi­
tion in the larger field, it is important to note that learning analytics remain, for 
many of us, the most visible and oftentimes the only large-scale implementation 
of big data and machine learning to have a “real world” impact on teaching and 
learning on our campuses today. In many ways, learning analytics remains a key 
player on the educational field, “the show” to continue the baseball metaphor, 
where on a daily basis AI models of our learners are built and used to guide stu­
dent learning and success. Our students in “Generation AI” increasingly expect 
intelligent tools and services to support and guide them. 

No other instance of machine learning on my campus impacts students and 
their success daily. Critics may argue that this data and modeling work is reduc­
tivist, or theoretically less “user respectful” than it could be—fair points, and 
obvious topics for future research and scholarship. Yet across the educational 
research literature, writers implicitly posit through their research methods, in 
almost every issue of every scholarly journal, that machine learning can help 
us to better understand our learners and their learning processes, in all of their 
complex social contexts. 

Today, we can and do use AI to teach, coach, and scaffold students in ways 
that are more complex and more user-respectful than just a few years ago.. Each 
semester now, at hundreds of higher education institutions such as my own,  
hundreds of thousands of college and university students benefit from increased 
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scaffolding and focused communication with faculty and staff based on reten­
tion and engagement models. “Mega-models” which munge the modeling and 
outcome data from multiple institutions are providing deeper and more nuanced 
understandings of our higher education game plan. We do, daily and year-round, 
impact the broadest range of learners, their study, and their success, in higher 
education as well as in secondary settings. 

However, it remains true that the field faces very real philosophical and oper­
ational challenges, perhaps symbolized by that nagging, amorphous feeling of 
unease. Yet I would argue that it is specifically at this point that new research 
themes and emerging scholarly voices will energize us. The present time is the 
juncture for us to expand our thinking, to “complexify” our frameworks, our 
audiences, and our toolsets to address expanding understandings of teaching 
and learning and the broadest set of learners in the socio-cultural and political 
settings in our multicultural and global age. 

The authors in this volume do just that, addressing areas of concern such as 
those outlined by Selwyn, but also serving as voices to energize the field of learn­
ing analytics again. Their range of topics is both broad and one which recognizes 
the humanness and depth of the educational act. Their work includes learning 
analytics applications, trends, and future research, ethics and privacy in learning 
analytics, social impacts, settings from both K-12 and higher education. Th ey 
write about technologies such as gamification and augmented reality, and the 
fair and just application of AI and machine learning, in addition to considering 
the future of online learning itself. 

The writers here, I can say, do not fall prey to the threats of data- or techno­
solutionism. Their ideas and case studies are “socially sympathetic” learning ana­
lytic designs, which respect the needs and rights of learners. These applications of 
learning analytics clearly engage the emerging topic of algorithmic bias, as well as 
broader frameworks of fairness, equity, and social justice in data science generally. 

The work in this volume asks us all to confront our field’s philosophical unease, 
and then leads us further to reflect on and engage with the power of learning 
analytics and modeled data in new, complex, and nuanced ways. Th rough these 
insights and real-world applications, learning analytics will continue to live up 
to its potential on the field: to deepen and make more complex our understand­
ing of the very human act of teaching and learning every day. With this collec­
tion, we further the vital academic thread of learning analytics and deepen our 
insight into and appreciation of the educational process for the years ahead on 
a global scale. 
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Preface
 

Due to the COVID-19 pandemic and after effects, we have begun to enter the 
“new normal” of education. Instead of online learning being an “added feature” 
of K–12 schools and universities worldwide, it will be incorporated as an essen­
tial feature in one’s education. 

There are many questions and concerns from parents, students, teachers, pro­
fessors, administrators, staff, accrediting bodies, and others regarding the quality 
of virtual learning and its impact on student learning outcomes. These are rea­
sonable reservations to consider, but I feel the answer lies in the field of “learning 
analytics,” particularly in the online environments of today and tomorrow. 

We have witnessed innovations over the recent years in adding more “intel­
ligence” to the virtual learning experience, and certainly more will be coming in 
the near future. In today’s data-driven environment, we must develop the right 
assessments and metrics through learning analytics in order to ensure that the 
effectiveness and efficacy of the student learning process are optimized. 

This book is conceived on trying to answer the questions of those who may 
be skeptical about online learning. Through better understanding and applying 
learning analytics, we can assess how successful learning and student/faculty 
engagement, as examples, can contribute towards producing the educational 
outcomes needed to advance student learning for future generations. 

Much research is still needed in many areas of learning analytics. For example, 
the ethical aspects of learning analytics systems and cultural diversity of studies 
on ethics in technology-enhanced learning require additional work (Pargman 
& McGrath, 2021). A Spring 2020 New York University/LEARN study of 298 
university students from 50 different schools across the United States found that 
online learning during the COVID-19 times could be improved by more active 
student/faculty engagement, having more compassion and better organization 
of the material. A McKinsey teacher survey in March 2021 found that there is a 
significant learning loss in remote learning around the world (Chen et al., 2021). 
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However, as explained through the chapters in this book, learning analytics 
has proven to be successful in many areas, such as the impact of using learning 
analytics in asynchronous online discussions in higher education (Martinez et 
al., 2020). In addition, according to the 2020 L&D Global Sentiment Survey, 
with about 2,300 respondents from 86 countries, the majority said that learning 
analytics will take the center stage in global learning and development trends 
going forward (Robinson, 2021). 

I also feel that learning analytics are paramount and will become even more 
important in our post-COVID era. To substantiate this claim, I am so thankful 
for having such a distinguished group of contributing authors worldwide (from 
10 countries) to add their keen insights on online learning analytics. I am also 
greatly appreciative to Peter Smith for including his knowledgeable perspectives 
in the Foreword on learning analytics for online environments in the future.

 This book would never have been possible without John Wyzalek’s continu­
ing support, along with his Taylor & Francis colleagues, Theron Shreve and 
Susan Culligan of DerryField Publishing Services. Certainly, my students and 
colleagues over the past 40 years have pushed me to “get ahead of the game” (as 
my 99-year-old mother-in-law’s father would always tell her). And fi nally, my 
family gets the greatest accolades for having to put up with me for all these years. 

Enjoy the book! 
Jay Liebowitz, DSc 

Washington, DC 
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Chapter 1
 

Leveraging Learning 
Analytics for Assessment 
and Feedback 

Dirk Ifenthaler1 and Samuel Greiff2 

Abstract 

This chapter critically reflects the current state of research in learning analytics 
and educational assessment. Given the omnipresence of technology-enhanced 
assessment approaches, vast amounts of data are produced in such systems, which 
open further opportunities for advancing assessment and feedback systems as 
well as pedagogical assessment practice. A yet-to-be-solved limitation of learn­
ing analytics frameworks is the lack of a stronger focus on dynamic or real-time 
assessment and feedback, as well as the improvement of learning environments. 
Therefore, a benefits matrix for analytics-enhanced assessment is suggested,  
which provides examples on how to harness data and analytics for educational 
assessment. Further, a framework for implementing analytics-enhanced assess­
ment is suggested. The chapter concludes with a critical reflection on current 
challenges for making use of analytics data for educational assessments. Clearly, 

1 University of Mannheim and Curtin University 
2 University of Luxembourg 
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stakeholders in the educational arena need to address ethics and privacy issues 
linked to analytics-enhanced assessments. 

Keywords:Assessment, feedback, learning analytics, analytics-enhanced assessment 

Introduction 

A recent search in scientific databases identified an increase of research publica­
tions focusing on assessment from the 1950s to the 2020s by over 380%. Despite 
an intense debate over the past seven decades, the distinction between forma­
tive and summative assessment has not resulted in a precise definition, and the 
distinction between the two remains blurry (Newton, 2007). To the contrary, 
other terms have been introduced, such as learning-oriented assessment (Carless, 
2007), emphasizing the development of learning elements of assessment; sustain­
able assessment (Boud, 2000), proposing the support of student learning beyond 
the formal learning setting; or stealth assessment (Shute et al., 2016), denoting 
assessments that take place in the background without the user noticing it. 

More recently, technology-enhanced assessments enriched standard or paper-based 
assessment approaches, some of which hold much promise for supporting learning 
(Webb et al., 2013; Webb & Ifenthaler, 2018b). While much effort in institutional 
and national systems is focused on harnessing the power of technology-enhanced 
approaches in order to reduce costs and increase efficiency (Bennett, 2015), a range 
of different technology-enhanced assessment scenarios have been the focus of edu­
cational research and development—however, often at small scale (Stödberg, 2012). 

For example, technology-enhanced assessments may involve a pedagogical 
agent for providing feedback during a learning process (Johnson & Lester, 2016). 
Other scenarios of technology-enhanced assessments include analyses of a learner’s 
decisions and interactions during game-based learning (Bellotti et al., 2013; 
Ifenthaler et al., 2012; Kim & Ifenthaler, 2019), scaffolding for dynamic task 
selection including related feedback (Corbalan et al., 2009), remote asynchronous 
expert feedback on collaborative problem-solving tasks (Rissanen et al., 2008), or 
semantic rich and personalized feedback as well as adaptive prompts for refl ection 
through data-driven assessments (Ifenthaler, 2012). 

Accordingly, it is expected that technology-enhanced assessment systems meet 
a number of specific requirements, such as (a) adaptability to diff erent subject 
domains, (b) flexibility for experimental as well as learning and teaching set­
tings, (c) management of huge amounts of data, (d) rapid analysis of complex 
and unstructured data, (e) immediate feedback for learners and educators, as well 
as (f ) generation of automated reports of results for educational decision making 
(Ifenthaler et al., 2010). 
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With the increased availability of vast and highly varied amounts of data from 
learners, teachers, learning environments, and administrative systems within 
educational settings, further opportunities arise for advancing pedagogical assess­
ment practice (Ifenthaler et al., 2018). Analytics-enhanced assessment harnesses 
formative as well as summative data from learners and their contexts (e.g., learning 
environments) in order to facilitate learning processes in near real time and help 
decision makers to improve learning environments. Hence, analytics-enhanced 
assessment may provide multiple benefits for students, schools, and involved stake­
holders. However, as noted by Ellis (2013), analytics currently fail to make full use 
of educational data for assessment. 

This chapter critically reflects the current state of research in educational assess­
ment and identifies ways to harness data and analytics for assessment. Further, 
a benefits matrix for analytics-enhanced assessment is suggested, followed by a 
framework for implementing assessment analytics. 

Current State of Educational Assessment 

Tracing the history of educational assessment practice is challenging, as there 
are a number of diverse concepts referring to the idea of assessment. Educational 
assessment is a systematic method of gathering information or artefacts about 
a learner and learning processes to draw inferences of the persons’ dispositions 
(Baker et al., 2016). Scriven (1967) is often referred to as the original source of 
the distinction between formative and summative assessment. However, forma­
tive and summative assessment are considered to be overlapping concepts, and 
the function depends on how the inferences are used (Black & Wiliam, 2018). 

Newton (2007) notes that the distinction between formative and summative 
assessment hindered the development of sound assessment practices on a broader 
level. In this regard, Taras (2005) states that every assessment starts with the sum­
mative function of judgment, and by using this information for providing feed­
back for improvement, the function becomes formative. Bloom et al. (1971) were 
concerned with the long-lasting idea of assessment separating learners based on a 
summative perspective of knowledge and behavior—the assessment of learning. 
In addition, Bloom et al. (1971) supported the idea of developing the individual 
learner and supporting the learner and teacher towards mastery of a phenom­
enon—the assessment for learning. 

Following this discourse, Sadler (1989) developed a theory of formative assess­
ment and effective feedback. Formative assessment helps students to understand their 
current state of learning and guides them in taking action to achieve their learning 
goals. A similar line of argumentation can be found in Black (1998), in which three 
main types of assessment are defined: (a) formative assessment to aid learning; (b) 



 
 
 

 

  
 
 

 
  

 
 
 
 
 

 
 
 

 
  

 
 
 
 

  
 

 
  

 

 
  

 

 

4 Online Learning Analytics 

summative assessment for review, transfer, and certification; (c) summative assess­
ment for accountability to the public. Pellegrino et al. (2001) extend these defi nitions 
with three main purposes of assessment: (a) assessment to assist learning (formative 
assessment); (b) assessment of individual student achievement (summative assess­
ment); and (c) assessment to evaluate programs (evaluative assessment). 

To facilitate learning through assessment, Carless (2007) emphasizes that assess­
ment tasks should be learning tasks that are related to the defi ned learning out­
comes and distributed across the learning and course period. Furthermore, to foster 
learners’ responsibility for learning (Bennett, 2011; Wanner & Palmer, 2018) and 
self-regulation (Panadero et al., 2017), self-assessments are suitable means. In gen­
eral, self-assessments include students’ judgment and decision making about their 
work and comprise three steps: definition of the expectations, evaluating the work 
against the expectations, and revising the work (Andrade, 2010). Consequently, as 
Sadler (1989) argues, self-monitoring and external feedback are related to formative 
assessment, with the aim to evolve from using external feedback to self-monitoring 
to independently identify gaps for improvement. Hence, self-assessments enable 
learners to develop independence of relying on external feedback (Andrade, 2010). 

However, self-assessment demands but also fosters evaluative judgment of learn­
ers (Panadero et al., 2019; Tai et al., 2018). Thus, self-assessments might be particu­
larly challenging for learners with lower levels of domain or procedural knowledge 
(Sitzmann et al., 2010). Hence, the feedback generated internally by the learners 
could be complemented and further enhanced with external feedback (Butler 
& Winne, 1995). Such external feedback may help learners to adjust their self-
monitoring (Sitzmann et al., 2010). Among others, the feedback provided should 
clearly define expectations (i.e., criteria, standards, goals), be timely, suffi  ciently 
frequent and detailed, be on aspects that are malleable through the students, be on 
how to close the gap, in a way learners can react upon it (Gibbs & Simpson, 2005; 
Nicol & Macfarlane‐Dick, 2006). Furthermore, assessment and feedback processes 
shall actively include the learner as an agent in the process (Boud & Molloy, 2013). 
However, offering formative assessments and individual feedback are limited in 
many ways throughout higher education due to resource constraints (Broadbent et 
al., 2017; Gibbs & Simpson, 2005). 

Assessment as learning is a concept that reflects a renewed focus on the nature 
of the integration of assessment and learning (Webb & Ifenthaler, 2018a). Key 
aspects of assessment as learning include the centrality of understanding the learn­
ing gap and the role of assessment in helping students and teachers explore and 
regulate this gap (Dann, 2014). Thus, feedback and the way students regulate their 
response to feedback is critical for assessment as learning, just as it is for assess­
ment for learning (Perrenoud, 1998). Other active research areas focus on peer 
assessment (Lin et al., 2016; Wanner & Palmer, 2018). Especially the opportuni­
ties of technology-enhanced peer interaction and the perceived potential for peer 
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feedback to contribute to learning experiences in digital learning environments, 
such as massive open online courses (MOOCs), have been of recent research inter­
est (Adachi et al., 2018; Labarthe et al., 2016; van der Kleij & Adie, 2018). 

Webb and Ifenthaler (2018a) present an overview of the range of diff erent 
opportunities for technology to support assessment with a view to providing a 
vision for assessment design to move forward with designers, educators, and learn­
ers working together to design assessments. Their contribution includes a review 
of key theoretical issues related to assessment and examines new and potential 
approaches to assessment that are facilitated by technology as well as the challenges 
that these new opportunities create. 

The current state of research on educational assessment may be summarized 
with a closer look at an iterative implementation cycle (see Figure 1.1 on next page). 
The individual steps of the iterative implementation cycle of educational assess­
ment include a co-design process in which learning designers, psychometricians, 
educators, and learners collaborate. The initial step clarifies learning intentions and 
defines criteria for learning success. As a result, learning tasks are designed. Th ese 
tasks help to elicit evidence of individual learning processes. Evidence of learning 
is further used to provide feedback whenever needed in order to support ongoing 
learning processes. Learners are empowered as the owners of their learning pro­
cesses and may be supported by peer learners as additional sources for learning and 
feedback. Th e final step of the iterative implementation cycle of educational assess­
ment includes critical reflections on learning processes and learning outcomes as 
well as the previous steps of the cycle. 

Clearly, each step may be supported or further enabled through technological 
systems—for instance, through innovative assessment formats that are admin­
istered through educational technology. Given the omnipresence of technology-
enhanced assessment approaches, vast amount of data are produced in such 
systems, which, in turn, open further opportunities for advancing assessment and 
feedback systems. 

Harnessing Data and Analytics for Assessment 

Interest in collecting and mining large sets of educational data on student back­
ground and performance has grown over the past years and is generally referred 
to as learning analytics (Baker & Siemens, 2015). In recent years, the incorpo­
ration of learning analytics into educational practices and research has further 
developed. However, while new applications and approaches have brought forth 
new insights, there is still a shortage of research addressing the eff ectiveness and 
consequences of these endeavors (Vieira et al., 2018). Learning analytics, which 
refers to the use of static and dynamic data from learners and their contexts for 
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Figure 1.1 Iterative Implementation Cycle of Educational Assessment 

(1) the understanding of learning and the discovery of traces of learning and (2) 
the support of learning processes and educational decision making (Ifenthaler, 
2015), offer a range of opportunities for formative and summative assessment. 
Hence, the primary goal of learning analytics is to better meet students’ needs by 
offering individual learning paths, adaptive assessments and recommendations, 
or adaptive and just-in-time feedback (Gašević et al., 2015; McLoughlin & Lee, 
2010), ideally, tailored to learners’ motivational states, individual characteristics, 
and learning goals (Schumacher & Ifenthaler, 2018). Research suggests that 
meaningful analysis of data requires sound theoretical grounding and modelling 
as well as verification of validity, gained, for instance, in complex evidence-based 
design processes (Marzouk et al., 2016; Shute et al., 2018). 

Current learning analytics approaches focus on indicators based on the behavior 
in the digital learning environment, such as time spent online, access to various 
types of resources, or reading and writing posts, to relate them to learning per­
formance (Mah, 2016; Martin & Whitmer, 2016). Only a few approaches are 
enriched with learner characteristics, such as demographic data or results of assess­
ments—for instance, to predict study success (Costa et al., 2017; Vieira et al., 2018; 
Yau & Ifenthaler, 2020). Vieira et al. (2018) found that research studies on learning 
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analytics analyze usage of resources in particular, with only a few approaches having 
a processual perspective by trying to understand learning paths or learners’ actual 
learning progress in the tasks at hand. Therefore, learning analytics may yield only 
limited insight into students’ actual learning, because the indicators collected are 
not pedagogically valid. For instance, specific indicators, such as ‘time on task’, 
might have different meanings, depending on the learning contexts and the specifi c 
domain they are embedded into (Goldhammer et al., 2014). 

Learning analytics could be utilized for educational assessment, which has far-
reaching consequences for modelling and analyzing available data, as well as the 
development of criteria to evaluate its impact (Ifenthaler et al., in press). From an 
assessment perspective, learning analytics for formative assessment focusses on the 
generation and interpretation of evidence about learner performance by teachers, 
learners, and/or technology to make assisted decisions about the next steps in learn­
ing and instruction (Ifenthaler et al., 2018; Spector et al., 2016). In this context, 
real- or near-time data are extremely valuable because of their benefi ts in ongoing 
learning interactions. Learning analytics for summative assessments are utilized to 
make judgements that are typically based on standards or benchmarks (Black & 
Wiliam, 1998). In a recent Delphi study on global trends in the educational arena, 
which are related to learning analytics (Ifenthaler et al., in press), the international 
experts agreed on the importance of developing analytics-enhanced assessments. 

Accordingly, analytics-driven assessment harnesses formative and summative 
data from stakeholders and learning environments in order to facilitate learning 
processes in real time and help decision makers to improve learning environments. 
Distinct features of analytics-driven assessments may include, but are not limited 
to, the following (Ellis, 2013; Ifenthaler & Widanapathirana, 2014a): 

• 	 Semantic-rich feedback for written assignments in near real-time using natu­
ral language processing (Bektik, 2019; Gottipati et al., 2018; Whitelock & 
Bektik, 2018) 

•	 Progress reports toward curricular required competences or learning out­
comes, including intra-individual and inter-individual comparisons (Lockyer 
et al., 2013) 

•	 Peer assessments focusing on specific learning outcomes or general study 
skills (e.g., learning strategies, time management) (Gašević et al., 2019; 
Gašević et al., 2017) 

• Defining individual goals and desired achievements for subjects, modules, or 
classes and tracking learning-dependent progress toward them (Schumacher 
& Ifenthaler, 2018) 

• Reflective prompts highlighting persistence of strengths and weaknesses of 
specific learning events and assessment results (e.g., reoccurring errors, mis­
conceptions, learning habits) (Schumacher & Ifenthaler, 2021) 
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Benefits of Analytics-Enhanced Assessment 

Multiple benefits from learning analytics for educational purposes can be associ­
ated with four levels of stakeholders: mega-level (governance), macro-level (organi­
zation), meso-level (curriculum, learning design, teacher/tutor), and micro-level 
(learner). Ifenthaler (2015) introduced a learning analytics benefits matrix that 
exemplifies potentials of learning analytics for the different stakeholder levels, 
including three analytics perspectives: (1) summative, (2) real-time, and (3) predic­
tive. For example, the mega-level facilitates cross-institutional analytics by incorpo­
rating data from all levels of the learning analytics framework. Such rich datasets 
enable the identifi cation and validation of patterns within and across institutions 
and therefore provide valuable insights for informing educational policy making. 

The macro-level enables institution-wide analytics for better understanding learner 
cohorts to optimize associated processes and allocate critical resources for reducing 
dropout and increasing retention as well as success rates. The meso-level supports the 
curriculum and learning design as well as providing detailed insights about learn­
ing processes for educators. The micro-level analytics supports the learner through 
recommendations and help functions implemented in the learning environments. 

While the learning analytics benefits matrix includes many practical examples 
(Ifenthaler, 2015), a specific focus on assessment is lacking. Table 1.1 exemplifi es 
benefits of analytics-enabled assessment for stakeholders and analytics perspectives. 

Table 1.1 Benefits Matrix of Analytics-Enhanced Assessments 
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Despite the rich refl ection of research on the benefits of learning analytics, the 
implementation of organization-wide analytics systems is scarce (Buckingham 
Shum & McKay, 2018). A common explanation is the lack of a learning analytics 
framework (Chatti & Muslim, 2019; Chatti et al., 2020; Dyckhoff et al., 2012) as 
well as limited staff and technology being available for learning analytics projects 
(Ifenthaler, 2017; Ifenthaler & Yau, 2019). However, the demand toward analytics­
enhanced assessments require a further development of existing frameworks for 
learning analytics. 

Analytics-Enhanced Assessment Framework 

One important strand within learning analytics research is the development of 
frameworks for the implementation of systems into existing legacy systems or 
newly-to-be-designed infrastructure (Klasen & Ifenthaler, 2019). Such frame­
works are also regarded as a key component of change processes when implement­
ing learning analytics into organizational structures and procedures (Ifenthaler, 
2020; Leitner et al., 2019). Learning analytics frameworks have been proposed, 
including surface-level approaches combining stakeholders, objectives, data, 
instruments, and internal and external constraints (Greller & Drachsler, 2012). 

Chatti and Muslim (2019) proposed the PERLA (Personalization and Learning 
Analytics) framework that focusses on effective analytics-enhanced personalized 
learning. It guides researchers and developers through a systematic perspective in 
the design process and suggests the development of indicators to support personal­
ized learning. 

Blackmon and Moore (2020) suggest a framework to support interdisciplinary 
approaches among stakeholders. The major components of the framework focus on 
data—specifically, on awareness, access, and resources. The LAVA (Learning Ana­
lytics and Visual Analytics) framework includes four dimensions of learning analyt­
ics (Chatti et al., 2020): What?, Why?, Who?, How? An important assumption of 
the LAVA framework is the active involvement of human stakeholders in the learn­
ing analytics process. Still, elaborated, and more importantly, empirically validated 
learning analytics frameworks are scarce (Ifenthaler & Widanapathirana, 2014a). 
Another limitation of learning analytics frameworks is the missing link of learner 
characteristics (e.g., prior learning), learning behavior (e.g., access of materials), and 
curricular requirements (e.g., competences, sequencing of learning).

 Ifenthaler and Widanapathirana (2014a) addressed most of these limitations 
by introducing a holistic learning analytics framework. Their PASS (Personalized 
Adaptive Study Success) framework includes a holistic perspective on learning ana­
lytics and combines data sources directly linked to individual stakeholders, their 
interaction with the online learning environment, as well as curricular requirements. 
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Additionally, data from outside of the educational system are integrated (e.g., reading 
a textbook from a public library). The processing and analysis of the combined data 
is carried out in a multilayer data warehouse and returned to the stakeholders—e.g., 
institution, teacher, learner—in a meaningful way. Each of these stakeholders has 
unique needs for understanding and interpreting data that is most relevant for the 
decisions that need to be made (e.g., by a student for re-working, by a teacher for 
assisting in providing guidance and advice to the learner, by an institutional leader 
for aggregating results to make programmatic and curriculum decisions). However, 
a yet-to-be-solved limitation of learning analytics is the lack of a stronger focus on 
dynamic or real-time assessment and feedback as well the improvement of learning 
environments. While the above-mentioned holistic learning analytics framework 
includes allusions to assessment data (e.g., prior academic performance, self-tests) 
and accompanying feedback (e.g., metacognitive prompts, personalized scaff olds) 
(Ifenthaler & Widanapathirana, 2014a), distinct assessment analytics or analytics­
enhanced formative and evaluative assessment features are not integrated. 

Following the core components of the above-mentioned PASS learning analyt­
ics framework (Ifenthaler & Widanapathirana, 2014b), Figure 1.2 shows a holistic 
learning analytics framework with a specific emphasis on analytics-enhanced 
assessment. 

Figure 1.2 Analytics-Enhanced Assessment Framework (adapted from Ifenthaler, 2015) 
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While governance and institutions define formal components of the curriculum 
(e.g., competences), including assessment regulations, the learning environment 
includes components for learning (e.g., videos, reading materials) as well as aligned 
assessment tasks (e.g. single/multiple-choice quizzes, essays, case or project tasks). 
Both learners and educators demonstrate specific personal characteristics (e.g., 
learning/teaching strategies) and dispositions (e.g., interests, beliefs), which may 
influence their interaction with the learning environment. Data from the afore­
mentioned framework entities (e.g., trace-data, self-report data, historic data) are 
collected and analyzed using algorithms within the analytics engine (e.g., support 
vector machines, natural language processing). Based on the analytics results, the 
personalization and adaption engine produces features to be pushed through auto­
mated procedures into the learning environment (e.g., dashboard, visualization) 
or through specifi c features for educators, which facilitate pedagogical action and 
decision making (e.g., highlighting clusters of students at risk, high-performing 
students). Additionally, reporting features may be included which help to further 
improve the design of the learning environment and advance the curriculum as 
well as assessments and feedback. 

Conclusion 

The complexity of designing technology- and analytic-enhanced assessment and 
feedback systems has been discussed widely over the past few years (Sadler, 2010; 
Shute, 2008; Webb & Ifenthaler, 2018a). The current challenge is to make valid 
use of analytics data—from learners, teachers, and learning environments—for 
assessments and feedback. In addition to embracing opportunities provided by 
analytics-enhanced assessment, educational decision makers need to address 
ethics and privacy issues linked to analytics-enhanced assessments. They need to 
define who has access to which assessment data, where and how long the assess­
ment data will be stored, and which procedures and algorithms to implement for 
further use of the available assessment data (Ifenthaler & Tracey, 2016). While 
ethics and privacy are gaining increasing attention, and fi rst attempts of frame­
works for ethics and privacy in learning analytics are established (Drachsler & 
Greller, 2016; Ferguson et al., 2016), most research toward privacy issues in  
learning analytics refers to guidelines from other disciplines, such as Internet 
security or medical environments. Due to the contextual characteristics of pri­
vacy, an adoption from other contexts to questions of learning analytics, and 
more specifically analytics-enhanced assessments and feedback, seems not to be 
recommendable (Nissenbaum, 2004). 

In conclusion, analytics-enhanced assessments may reveal personal information 
and insights into an individual learning history; however, they are not accredited 
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and far from being unbiased, comprehensive, and fully valid at this point in time. 
Much remains to be done to mitigate these shortcomings in a way that learners will 
truly benefit from learning analytics. 
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Chapter 2
 

Desperately Seeking 
the Impact of Learning 
Analytics in Education 
at Scale 

Marrying Data Analysis with Teaching 
and Learning 

Olga Viberg1 and Åke Grönlund2 

Abstract 

Learning analytics (LA) is argued to be able to improve learning outcomes, learner 
support, and teaching. However, despite an increasingly expanding amount of 
student (digital) data accessible from various online education and learning plat­
forms and the growing interest in LA worldwide, as well as considerable research 
efforts already made, there is still little empirical evidence of impact on practice 
that shows the effectiveness of LA in education settings. Based on a selection of 
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theoretical and empirical research, this chapter provides a critical discussion 
about the possibilities of collecting and using student data, as well as barriers 
and challenges to overcome in providing data-informed support to educators’ 
everyday teaching practices. We argue that in order to increase the impact of 
data-driven decision making aimed at students’ improved learning in education 
at scale, we need to better understand educators’ needs, their teaching practices, 
the context in which these practices occur, and how to support them in devel­
oping relevant knowledge, strategies and skills to facilitate the data-informed 
process of digitalization of education. 

Keywords: Human-centered learning analytics, digitalization of education, teacher 
support, data, sense-making, impact, scalability, responsible learning analytics 

Introduction 

Learning analytics (LA)—“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” (Long & Siemens, 
2011, p. 34)—has the potential to impact student learning at scale (Knight, 
Gibson, & Shibani, 2020) by offering critical insights into the processes of 
online and face-to-face learning, as well as supporting learning activities via ana­
lytics tools (Ochoa, Knight, & Wise, 2020). However, the potential is far from 
realized due to several interrelated issues, including “lack of uptake and adop­
tion, generalizability, and the relevance of some of our [researchers’] work to 
actual practice and the power dynamics of data-informed approaches” (Ochoa et 
al., 2020, p. 2). Moreover, scholars highlight that to be able to improve the qual­
ity of teaching and learning at scale, we also need to consider stakeholders’ data 
literacy—i.e., the ability to understand, find, collect, interpret, visualize, and 
support arguments using quantitative and qualitative data (Deahl, 2014)—and 
leadership (Schildkamp, 2019; Henderson & Corry, 2020). 

There is still very little existing empirical evidence of LA research having 
improved learning, learner support, and teaching at scale. Viberg et al. (2018), 
for example, in their systematic literature review of LA, found that only nine 
percent of 252 reviewed studies, conducted in higher education, showed that LA 
improved students’ learning outcomes. Also, despite the increasing availability 
of student data in K–12 settings worldwide—accelerated by the forced move 
to online education during the pandemics—the majority of LA analyses have 
hitherto been conducted in the context of higher education, often at a small scale 
within a context of one course, or in the setting of massive online open courses 
(MOOCs; e.g., Yu, 2021). 
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There are many reasons behind the slow adoption of LA and data-driven decision-
making processes in educational settings, especially in K–12 education, including 
challenges related to data interoperability (Dodero et al., 2017; Samuelsen, Chen, & 
Wasson, 2019), ethics and privacy concerns (Beerwinkle, 2021; Livingstone, 2020; 
Viberg, Andersson et al., 2021), development of stakeholders’ data literacy (Ifenthaler 
et al., 2020), as well as feedback literacy skills (Jivet, 2021) and a general lack of par­
ticipatory approaches that take into account the needs and preferences of the students 
and teachers—even less actually engage them directly—in the LA design process 
(Buckingham Shum, Ferguson, & Martinez-Maldonado, 2019; Jivet, 2021). We 
should not forget that LA is about supporting learning, not just reporting it (Gasevic, 
Dawson, & Simiens, 2015). Yet, the majority of LA analyses have so far been driven 
by the availability of learner data, often in the context of MOOCs (massive open 
online courses), rather than by the specific needs of teachers and students. 

In this chapter, we argue that in order to make LA attractive to educational pro­
fessionals and students there is a need to further develop a human-centered learning 
analytics approach. This approach posits that the design process of effective LA must 
extend beyond sound technical and pedagogical principles; it needs to carefully 
consider a range of contextual and human factors, including why and how they will 
be used (Buckingham Shum et al., 2020), as well as by whom and in what context. 
Moreover, it must be designed for the benefit of the users rather than imposed 
upon them by designers or researchers. In particular, we focus our discussion on 
the need to understand, engage, and support teachers—the key stakeholders who 
guide and facilitate learning activities in everyday education practices and who are 
responsible for the design and real-time management of students’ learning processes 
(van Leeuwen et al., 2017)—as enablers and co-designers of LA. This is important, 
because if LA is to be able to help them through the provision of improved teacher 
support, we need to (1) carefully analyse teachers’ needs before implementing LA, (2) 
understand what data are needed and to meet those needs, (3) investigate what type 
of LA support mechanisms they would like to be assisted by, and (4) understand 
how teachers would like such LA tools (e.g., teacher-facing learning dashboards) to 
be designed and used. Also, there is a need to understand what knowledge and skills 
(e.g., data and feedback literacy) they may need to develop so as to be able to enable 
everyday LA practices and use the designed tools eff ectively. These steps need to be 
taken in order to move towards the ultimate goal of achieving the intended changes 
in students’ learning behaviors that would lead to improved learning outcomes. 

Critical Aspects of LA in a Human-Centered Perspective 

In this section, we review the literature organized by aspects that are critical in a 
human-centered, responsible perspective of LA. The aspects include: 
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• 	 Focus on teachers’ needs and goals. This should be the starting point for 
LA development, as this is where tools are to be applied. Unless teachers can 
make sense of data and take action on it, it is not meaningful. 

• 	 Teachers’ data literacy skills. Data presentation and analysis can reveal new 
patterns, inspire teaching, and support learning in new ways. 

• Data. Data sources and data analysis need to become more diverse and 
develop beyond summative analysis of performance towards formative guid­
ance. In doing so, students and learning contexts also must be represented. 

Focus on Teachers’ Needs and Goals 

In order to take advantage of the affordances of LA to assist teachers and make 
a difference in their everyday teaching practice, we need to enable them to con­
duct meaningful—i.e., such that can make a positive diff erence—LA activities 
in their everyday practices. There is also an aspect of responsibility involved;  
protection of students’ privacy is seen as both a moral and a legal obligation. To 
achieve this, there is a need to increase our understanding of what problems they 
encounter in their daily teaching practice and how LA can provide assistance in 
addressing those problems. 

One of the key issues in this regard relates to the fact that data use is mainly used 
for accountability purposes (i.e., data collection and use focuses on achievement and 
not learning) (Mandinach & Schildkamp, 2021). For example, test results are most 
often used summatively to measure performance, but in order to improve learning, 
it is more productive to use them formatively to guide teaching in a way that con­
tinuously improves conditions for student learning. Understanding why students 
have not learned something is then more interesting than the performance measure 
itself but also more challenging to derive from data. In daily practice, teachers regu­
larly assess students’ work formatively—both through informal, everyday observa­
tions and through continuous assessment of diff erent individual and collaborative 
learning activities—in order to help them focus their thinking or improve their 
work processes. In formal systems, to the contrary, test results are registered for the 
purpose of evaluation and comparison—often of both students and teachers. 

While measuring student performance is necessary, it may take up too much 
attention, to the detriment of learning. If there “is too much accountability 
pressure, this often leads to misuse of data, and even to abuse” (Mandinach & 
Schildkamp, 2021, p. 4). It may also lead to mistrust among teachers towards LA 
systems, as they can be seen as tools for control rather than for assistance. 

To provide assistance that would improve students’ learning by off ering ade­
quate teacher-support mechanisms, some LA researchers argue for the need of 
a “subversive” LA that aims to grapple with the ramifications of LA research 
efforts and critically engage with the ways in which power, race, gender, and class 
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influence and are influenced by LA work (Wise, Sarmiento, & Boothe, 2021). 
This becomes especially critical in the context of the recent turn to online learning 
worldwide, which has contributed to the considerably increased quantity and also 
kinds of data being generated about students and by students at different levels of 
education. This, in turn, requires LA researchers and practitioners to address ques­
tions about bias, equity, surveillance, ownership (of data), control, and agency in 
LA use (Wise et al., 2021). 

When developing LA tools, designers need to take a critical view by integrating 
ways to look at the shortcomings of data in their thinking and by incorporating 
stakeholder privacy protection mechanisms in the tools (Klein, 2021). Such experi­
ences and knowledge can be adapted from relevant efforts in other research areas. 
Th is includes human–computer interaction, which focuses on the user- and human-
centered design processes aiming to effectively meet user/stakeholder needs; and 
information systems research, in which LA scholars can draw on the aff ordances 
of relevant theoretical contributions, which may help underpin the conceptual 
groundings of LA technological artifacts. 

For example, when developing LA tools—aiming to assist teachers in their 
work—an ensemble view of technology (Orlikowski & Iacono, 2001) can be 
adapted. This perspective focuses on the transformational nature of technology: 
Technology brings changes not only in terms of how we do things but also in 
terms of what is doable and desirable in teaching and learning practice—that is, in 
teachers’ perceptions. This view undertakes the idea of sociotechnical construction, 
suggesting that new data-driven—in the context of this chapter—teaching prac­
tices and methods are co-constructed in a sociotechnical system rather than purely 
engineered by developers. 

Technology develops during use and based on how it is used. This implies that 
there is a need to pay attention to the contexts of teaching and learning and to stu­
dent behavior, preferences, and individual characteristics. These are complex phe­
nomena, which are difficult to derive from data. Teachers regularly interpret both 
students and situations, but they do that based not just on structured data but also 
on understanding, which comes from their teaching experience, informal observa­
tions, and familiarity with students and learning situations. A teacher knows what 
a student is, the computer knows only (partially) what s/he says and does. 

Data existing in digital format are typically quite simple, while teachers’ inter­
pretations are based on both quantitative and qualitative data. While LA data 
typically informs about student scores on a test, teachers can understand why a 
student scored well or poorly. Of course, LA systems could add more data. Student 
behavior data could be expanded to include, for example, interaction tracing by 
combining data originated from different online learning platforms, and also 
qualitative data, for example, about students’ level of motivation. But more data 
alone does not create understanding. There also needs to be a way to interpret data 
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and what they tell us about student learning—that is, to translate awareness into 
action. Artificial intelligence (AI) can help in understanding student development 
in, for example, mathematics and literacy, but the reasons for this development or 
lack thereof cannot be understood. 

A major threshold in AI development today is precisely that—it can create texts 
that look like human-written text, but as long as it lacks the understanding of what 
the text means, there is a limit to its further development (Hao, 2020). In learning, 
teachers interacting with students are the only ones who can develop understand­
ing and, hence, understand how to use data and automated analysis of data for 
improved learning. 

Hence, a coherent understanding requires careful analysis of learning contexts 
and actors so as to be able to address critical questions about (algorithmic) bias, 
equity, surveillance, ownership (of data), control, and agency in LA design and use 
(Wise et al., 2021). Contextual understanding may also require taking into account 
qualitative data, yet largely unexplored by the LA community—for example, cul­
tural differences (e.g., in terms of power distance) that may influence the adoption 
and the effectiveness of LA interventions (see, e.g., Davis et al., 2017; Kizilcec & 
Cohen, 2017). 

To sum up, it is critical that data use or LA activities start with a certain improve­
ment goal and not a sole emphasis on accountability or on the available data. Taking 
the teacher’s perspective, in today’s society such goals should focus not only on the 
improvement of students’ subject knowledge, but also on development of their criti­
cal 21st-century skills, including collaborative and self-regulated learning skills that 
are directly associated with academic performance, especially in online learning 
settings (e.g., Viberg, Khalil, & Baars, 2020). Moreover, such goals may be directed 
towards the development and improvements of students’ data-, feedback-, and 
digital-literacy skills that are crucial for their successful navigation and study success 
in online learning settings (see, e.g., Ifenthaler et al., 2020; Jivet, 2021). 

Teachers’ Data Literacy Skills 

While understanding teachers, students, and learning processes is important for 
LA tools designers, the increased use of data also puts demands on teachers’ data-
literacy skills (Henderson & Corry, 2020). They need to be able to interpret data 
from those tools and combine it with their pedagogical knowledge so as to make 
it actionable in educational practices (Gummer & Mandinach, 2015). Data lit­
eracy skills include the ability to understand what data are needed to address 
a specific problem, collect these data, make sense of (student) data representa­
tions and feedback provided through LA tools, and, based on this sense making, 
provide improved student assistance. Research shows that educators frequently 
struggle with the use of data, including setting up clear goals for improvement, 
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collecting data, and making sense of them (Mandinach & Schildkamp, 2021). 
In general, scholars argue that educators must have some level of data literacy, 
which refers to “the ability to transform information into actionable knowledge 
and practices by collecting, analyzing, and interpreting all types if data (assess­
ment, school climate, behavioral, snapshot, longitudinal, moment-to-moment, 
etc.) to help determine instructional steps. It combines an understanding of 
data with standards, disciplinary knowledge and practices, curricular knowl­
edge, pedagogical content knowledge, and an understanding of how [students] 
learn” (Mandinach & Gummer, 2016, p. 14). 

Data 

Data-based decision making has emerged and evolved in education for almost 
two decades. Understanding how to make use of data in educational settings 
and for educational purposes is “a complex and interpretative process, in which 
goals have to be set, data have to be identified, collected, analyzed, and inter­
preted, and used to improve teaching and learning” (Mandinach & Schildkamp, 
2021, p. 1). It is critical to acknowledge that this process does not start with data 
but with goals to be achieved. 

To address teachers’ needs, there is also a necessity to understand what student 
data has to be considered, collected, and analysed. As highlighted by Kitchin 
(2021), “data-driven endeavours are not simply technical systems, but are socio­
technical. That is, they are as much a result of human values, desires and social 
relations as they are scientific principles and technologies” (p. 5). 

In the educational context, it is not always clear what data are and how to best 
make sense of them—that is, to translate understanding into action. This can be 
explained by several reasons. One of them relates to the fact that at many occa­
sions, we need to integrate different types of data in order to achieve the intended 
improvement goals. In an education setting, a diversity of educational tools are fre­
quently used in parallel. One digital system may be used for practicing and taking 
exams, another for supporting students’ collaborative learning activities. Th ere may 
also be a variety of learning management systems (LMS) employed for the purpose 
of delivering an educational module or a course, often including information and 
instructions, sharing of study materials, and collecting student assignments. More 
advanced LMS also provide student activity/interaction data, which can be useful 
for understanding reasons behind performance. There are also systems that collect 
various types of student demographic data, which needs to be carefully accounted 
for to be able to provide equitable and fair adaptive learning solutions, based on LA 
measurements (Baker & Hawn, 2021). Equity and fairness are becoming increas­
ingly important goals in education (Mandinach & Schildkamp, 2021) and in the 
design of LA systems (e.g., Holstein & Doroudi, 2019; Hakami & Hernandez-Leo, 
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2020; Wise et al., 2021). An equitable approach adopts an asset-based view which 
builds upon student strengths, interests, and backgrounds (Datnow & Park, 2018). 

In sum, many LA researchers argue that in order to improve conditions for 
learning and to improve teaching and learner support, “the true potential to off er 
meaningful insights comes from combining data from across different data sources” 
(Bakharia et al., 2016, p. 378; Mandinach & Gummer, 2016). 

Th e integration of data plays a critical role for scalability of LA (Samuelsen et al., 
2019). But how do we understand scale of impact in LA? Scholars argue that there 
are two key tensions in implementing LA for impact (Knight et al., 2020). Th e fi rst 
tension refers to population versus learning gain scale. That is, there is a confl ict 
between the ambition to reach as large populations of students as possible and the 
ambition to make a decisive impact on learning. The second tension relates to the 
issues of generalizability and adoption, suggesting that hitherto LA researchers 
have focused on big classes with more general models, “rather than on supporting 
educators to develop their own analytical tools, and to adopt tools over multiple 
sites” (p. 4). 

Scholars, furthermore, posit that to integrate data from different sources in 
LA, it is vital to consider the context of the data. In what settings and for what 
purpose were data generated? By which technological devices were they collected? 
Integration of data is beneficial for interoperability—semantic, technical, legal, as 
well as organizational—and may be used to personalise learning and enable better 
querying and reporting of data (Samuelsen, Chen, & Wasson, 2021). 

During the past decade, a change from a heavy focus on accountability towards 
more emphasis on continuous improvement of education has occurred. The focus is 
on the process of data use within a particular sociocultural context. Educators need 
to “tap diverse data sources [e.g., demographics, attendance, motivation, and home 
circumstances] to contextualise student performance and behavior” (Mandinach 
& Schildkamp, 2021, p. 2) and to reduce ‘unfair’ algorithmic educational solutions 
(Baker & Hawn, 2021). Researchers suggest that in order to address representa­
tional and measurement bias—that is, to increase fairness, we [researchers] need— 
and we need to help teachers to understand how to—collect “better data—data 
that includes sufficient proportions of all groups of interests, and where key vari­
ables are not themselves biased. This step is recognized as essential among learning 
analytics practionaries” (Baker & Hawn, 2021, p. 14). As stressed by Holstein et 
al. (2019), one key step for enhancing fairness in the algorithms’ use in education 
would be for researchers to find ways to support practitioners, including teachers, 
in “collecting and curating” higher-quality data sets.

 Such data sources can contribute to offering better explanations and contexts to 
help educators to better understand and interpret what data mean. 

While it is important to interpret data in view of teaching and learning goals, 
‘big data’ analysis also offers a new channel to understanding. As stressed by 
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Schildkamp (2019), one of the characteristics of big data is that various kinds of 
data can be linked to one another and that it is possible to look for patterns in these 
data sets “without having pre-defined hypotheses. In this way, patterns may be 
discovered that have never been thought of before, which can lead to new possible 
applications, purposes and goals of data use” (p. 261), as well the relevant theoreti­
cal developments. Such discovery may lead to new insights and spur new ideas but 
require caution before application in teaching and learning practice, as correlation 
patterns do not necessarily reflect causes and eff ects. 

Another data-related problem concerns a challenge in terms of our understand­
ing of what type of previously unavailable data we need to collect, combine, and 
analyse in order to bring novel insights into students’ learning processes. Th is 
requires a thorough understanding of the nature of educators’ teaching practices 
and specific teaching-associated problems that the teacher might need help with. 

Conclusions 

The review presented here can be summarized by a set of recommendations to learn­
ing analytics practice, discussed in various ways in the papers reviewed. Following 
the Human-Centered Learning Analytics approach, inspired by the user-centered 
approach since decades taken in the field of human-computer interaction, learning 
analytics must focus more on understanding of users and use contexts. 

• 	 LA development must start with teaching and learning problems and goals. 
Do not start with data. 

• 	 Identify data needs based on goals and practice. Do not rest with what is 
easily available. 

• 	 In order to make sense of data for improving teaching and learning processes, 
it is important to engage both data professionals and teaching professionals. 
Inspiration to improvement can come both from data and from practice, 
but the decisions in learning processes that are to be supported rest with 
practitioners. 

• Including different data sources and different kinds of data may be necessary so 
as to capture not only performance but also students and learning contexts and 
processes, which are all diverse. However, as this includes both complex situations 
and qualitative data, it is important to tread cautiously and make sure the data 
analysis used within LA systems is triangulated with empirical studies of use. 

• 	 Involve teachers and students and analyze their role in using the data. 

Moreover, to be able to scale up LA research and support teachers in their 
data-driven decision-making processes, there is a critical need to develop a respon­
sible approach to student data use in education. Even though the LA research 
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community has been for some time interested in the ethics of data-driven practices 
(e.g., Ferguson, 2019; Tsai et al., 2019), most of this work has been performed in 
conceptual terms (Arnold & Sclater, 2017). As highlighted by Cerrato-Pargman 
et al. (2021), research on applied ethics has not become pervasive in LA practice. 
Scholars suggest the so-called ‘socially sympathetic’ design approach to LA systems 
(Selwyn, 2019). This approach—sometimes referred to as ‘user-respectful’ design 
as opposed to ‘user-centered’ only—implies designing LA systems and applications 
in ways that consider different social contexts in which they are intended to be used 
and the different needs and rights of the users. It also requires ensuring informed 
engagement concerning issues related to privacy, security, and user rights of indi­
viduals interacting with these systems (Selwyn, 2019). 
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Chapter 3
 

Designing for Insights
 

An Evidenced-Centered Approach 
to Learning Analytics 

Kara N. McWilliams, Kristen Herrick, K. Becca 
Runyon, and Andreas Oranje1 

Abstract 

The vast amount of data captured in digital learning experiences enable learning 
analytics that hold the potential not only to understand more deeply how people 
learn, but also to improve their learning experience. However, the nascent stage 
of learning and measurement theory, particularly in digital environments, raises 
concerns about the use of learning analytics. In this chapter, we discuss consider­
ations associated with the validity and reliability of inferences made from learn­
ing analytics, illustrate the importance of data ethics, and suggest that learning 
analytics are most productively approached within the reasoning and architec­
ture of evidence-centered design. We argue that a Theory of Change, Th eory of 
Action, and Learning Model should undergird an intentional learner data foot­
print in learning systems so that analytics can reliably be used to provide insights 
and interventions; develop algorithms to power automated systems; understand 
implementation, engagement, and user behavior; and measure eff ectiveness and 
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efficacy. To ground the argument, we offer an example throughout that pro­
vides practical recommendations for applying an evidence-centered design to 
the research and development of technology-enhanced learning tools. 

Keywords: technology-enhanced learning tools, Theory of Action, Th eory of 
Change, technology-enhanced learning tools, learner data footprint, learner out­
comes and models, learning design, learning model, human-centered learning 
analytics, evidence-centered approach, evidence-centered design, digitalization 
of education, digital learning, data footprint 

Introduction 

The proliferation of technology-enhanced learning tools and the data captured 
when used has the potential to unlock a wealth of learner insights. Behavioral, 
tool-interaction, and performance data can provide a window into learning pro­
cesses within a digital learning experience and enable claims about how people 
learn, what they know, where they have gaps, and the ways in which they can 
best be supported to close those gaps. However, the meaningfulness and reliabil­
ity of those inferences depend on the veracity of the validity argument developed 
for the use of the tool and the data being collected and analyzed. Considerations 
such as clearly articulated outcomes; a robust, theory-driven data collection 
design; the quantity and quality of data captured; the context in which they are 
analyzed; and how they are reported will all affect the reliability and validity of 
the inferences made from analyzing learner data and the usefulness of decisions, 
actions, and claims that are made subsequently. 

Many stakeholders are interested in leveraging the vast amount of data available 
from digital learning tools to advance learning. We suggest that unless we consis­
tently adopt an evidence-centered approach to learning experience development 
and analytics, we risk missing critical insights, or worse, drawing inappropriate 
inferences about what learners know, how they learn, and how we can take action 
to improve learning outcomes. In order to make the most meaningful claims based 
on learning analytics, learning scientists should work closely with research scientists, 
user-experience researchers and designers, and developers to intentionally design and 
implement a solution that enables appropriate and meaningful insights. While we 
are certainly not the first to point out the importance of using an evidence-centered 
design approach, the use in practice is still sparse. Therefore, our aim is to provide 
several practical steps toward proactively addressing challenges that inevitably arise 
when designing and implementing a digital learning experience to yield accurate and 
actionable insights about learning and the efficacy of a learning experience. 
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Current Issues in Learning Analytics 

Culminating during a worldwide pandemic, the past decade has experienced a 
surge in the use of digital tools for learning and, increasingly, the use of analyt­
ics to make inferences about learning. Yet, the cognitive and learning sciences 
theories that undergird those inferences remain very much in their infancies 
(Knight et al., 2014). Scientists contend with many issues that extend beyond 
the fidelity of the data itself and the robustness or appropriateness of the analyses 
being applied to those data (e.g., solution usability or intentional data capture). 
In fact, many challenges exist, because learning analytics are routinely consid­
ered in isolation from the experience of the learner and the context in which the 
tool is being used. Measuring human cognition and behavior is a socio cognitive 
(Mislevy, 2020) endeavor that carries no meaning without increasingly refi ned 
contextual understanding. Hence, reliance on mostly passive data leads to sig­
nificant contextual gaps in understanding, which at best results in lost opportu­
nities of insights and at worst leads to poor decision making.

 The core thesis of this chapter is that learning analytics are most productively 
approached within the reasoning and architecture of evidence-centered design 
(Mislevy et al., 2003). Conversely, omitting key evidence-building steps tends to 
elicit a range of issues associated with most learning analytics. In this section, we 
will discuss those issues, including several associated with data design and avail­
ability, contextual gaps, and ethics. We will subsequently offer a broader set of 
practical recommendations illustrated by examples. In order to facilitate collective 
understanding of the points outlined with these sections, we will begin by intro­
ducing some terminology and defi nitions. 

Learning Theory and Learning Analytics 

Th e field of learning and measurement theory has not developed uniformly 
across domains and constructs of interest. Unsurprisingly, learning and mea­
surement theory of academic subjects is relatively mature, whereas other con­
structs typically of interest in learning analytics (e.g., persistence, problem 
solving, metacognitive ability) have not matured to the point that they can 
support similar levels of reliable analyses and inferences. The importance of 
learning theory underpinning digital learning applications is well documented 
(e.g., Branch & Merrill, 2012; Bransford et al., 2000; West, 2018), and com­
mon educational technology theories exist (e.g., the SAMR model; Puentedura, 
2006, and the TPACK model; Mishra & Koehler, 2006). Still, examples of 
technology-enhanced educational tools that lack such a foundation are plentiful. 
Absence of a grounding theory results in solutions with ambiguous outcomes, 
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post hoc construct operationalization, no evidentiary chain of reasoning, and 
misaligned instruction, assessment, and intervention. 

Since learning analytics are quite broadly used, it is important to provide some 
definitional guardrails. Learning analytics are a set of processes and measures of 
critical aspects of learning (1st International Conference on Learning Analytics 
and Knowledge, 2011). At a very basic level, this can mean simple analytics for 
which the inferential distance is relatively short, such as number of times logging 
in or time spent in a learning environment to make inferences about behaviors only. 
At a more abstracted level where the inferential distance is larger, this can entail, for 
example, a sequence of clicks to make an inference about alternative solution strate­
gies that the learner followed, some of which may be more appropriate or successful 
in finding a correct solution. At the highest level, those inferences may entail more 
complex constructs, such as persistence, where several behaviors together could be 
indicative of a certain level of proficiency. Learning analytics always rest heavily on 
the context of a practical application that is the basis for making the inference and 
mechanisms—for instance, Theories of Action and Theories of Change, Learner 
Outcomes and Models, and Learner Data Footprints are important to make those 
connections. 

Complicating the consideration of learning theories driving analytics is the 
need for this fl edgling field to equally develop theory. Teaching and learning are 
incredibly complex and made even more so when instruction and learning occurs 
digitally. Yet, most of the currently published learning theories, such as cognitive, 
behaviorism, constructivism, humanism, and connectivism, were derived based on 
traditional, face-to-face learning and are sometimes applied directly to the digital 
learning space. It is through the analysis of user data that existing learning theo­
ries can be validated in the digital space, and robust and reliable theories focused 
specifically on the digital environment can be developed (Knight et al., 2014). 
Scientists should remain aware that there may not be an existing theory driving 
their analyses, and that claims made based on inferences derived from their analy­
ses should be tempered to reflect that gap. And, importantly, learning analytics 
should be used to validate, extend, and develop new learning theory. 

Availability and Validity of Learner Data 

In order to conduct meaningful analytics, data availability is an important con­
sideration. The perceived wealth of data available to scientists contributes to a 
risk of considering data to be free byproducts of the solution in which they were 
collected, as opposed to something that requires careful design. Yet, data scien­
tists are not typically core members of a solution’s development team, and learn­
ing analytics are not typically considered until after a tool has been built and 
deployed. As a result, scientists are often forced into analyses that are possible 
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using “free” data and may not be able to conduct the analyses appropriate to test 
the intended research hypotheses, make corollary and contextual inferences, or 
further build learning models. 

A probable lack of learning theory contributes to the consideration of data 
availability. If a solution is built on established learning theory, the development 
of an intentional data architecture is more feasible. When this is the case, devel­
opers will have a better sense of how scientists hope to trace learning, the events 
or interactions captured by data, or “data hooks” that will need to be analyzed to 
evaluate learning and inform learning theory. Void of learning and measurement 
theory, however, developers are more likely to build in data hooks based on con­
venience or intuition. Unintentional data capture may have implications not only 
for the claims scientists can make, but also for the development of analytics-led 
learning theories. That is, if important interactions, processes, or outcomes are 
not captured, it can leave consequential gaps in a learning model developed from 
exploratory analytics. 

In sum, the potential lack of a comprehensive learning and measurement theory 
functioning as the foundation for a solution and data-evidence architecture, and 
dependency on whatever data are captured, does little to contribute to the validity 
or value of data. 

Contextual Gaps in Data Footprints 

Each of the considerations discussed previously—convenient access to data, lack 
of driving learning and measurement theory, potential for inappropriately col­
lected data, or gaps in a data footprint—lend themselves to the importance of 
contextualizing analyses conducted on data that are captured in a tool. 

As learning systems collect increasingly voluminous data, the temptation of 
relying on those data sets for observational trends and inferential statistics becomes 
greater. Yet, it is the learning context that is the basis for actionable insights 
about learning pathways, key product performance indicators, and breadth of use. 
Understanding the context of how a solution was implemented, who the learn­
ers were engaging with, how they typically engage, what barriers to access exist, 
among other inputs, are critical when characterizing relationships between use 
and learning and the impact on outcomes. In the absence of context, scientists 
miss insight into important factors, such as whether a tool is accessible, culturally 
biased, or promotes diversity. 

Ethical Considerations 

As scientists grapple with these considerations, at the center of the discussion 
should be ethics related to data capture and usage. By increasing the amount and 
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types of data available to organizations, digitally enhanced learning solutions 
offer opportunities to support learners in more meaningful ways while at the 
same time increasing risk in the form of (mis)use of data against their interests 
(e.g., due to exposure of PII and personal data generally). To combat risks associ­
ated with digital learning solutions, scientists and developers need to consider 
how they can offer transparency to users about what data are being captured and 
why, how they will be stored and handled and by whom, and if, when, and under 
what conditions they will be destroyed. Organizations and the scientists that 
represent them may also consider the ethics of their learning experience design 
processes and level of transparency around the analyses that were conducted on 
the data captured throughout, how they mitigated bias, and how the inferences 
based on the analyses were used. 

Conclusion 

With the intention of contextualizing the recommendations and examples for 
an evidence-centered design approach to learning analytics provided in the  
remainder of this chapter, this section discussed some key considerations when 
planning for and conducting learning analytics derived from digital learning 
solutions. While the considerations outlined here are not exhaustive, they do 
represent the areas that represent ongoing concerns for scientists making claims 
based on inferences derived from learning analytics. The next section of this 
chapter offers a practical approach to learning analytics that enables valid and 
reliable claims about learning and how we might best support learners to achieve 
their learning goals. 

An Evidenced-Centered Design Approach to Yielding 
Valid and Reliable Learning Analytics 

Meaningful learning analytics are enabled through the design and development 
of an effective and broadly usable digitally enhanced learning solution. A large 
body of research speaks to the benefits of applying a user-centered approach 
when building educational technology (e.g., Hassenzahl, 2010; Vrendenburg 
et al., 2002; Interactive Design Foundation, 2021). The approach helps develop­
ment teams form a deep understanding of the individuals who will be using their 
solution, work collaboratively to co-design it, apply an evaluation-based design, 
and continue to optimize it in partnership with users. The successful execution 
of a user-centered design approach requires the appropriate composition of a 
development team. 



 

  
 

 
 
 
 

  
 

  
 

Role   Responsibilities 

Data scientist  Data scientists develop and build the user data footprint, 
conduct the preprocessing of structured and unstructured  
data, and lead on the research and development of statisti­
cal models and algorithms to glean meaningful insights. 

Data architect Data architects plan the implementation of solutions, iden­
 tify the right technologies to meet user needs, and direct 
 and oversee the development of data ingestion and data 

transformation infrastructure. 

Product owner Product owners ensure the voice of the user is represented 
in the team’s backlog and serve as liaisons between the 
project team, the business, and the market to align needs 
and priorities. 

 Research/learning 
scientist 

 Research/learning scientists apply foundational research 
 principles to the theory-driven solutions and apply learning 

science principles, learning design principles, and user-
centered research to development processes. 

Software developer  Software developers lead on the technical component of 
 translating wireframes into engaging, interactive, and highly 

functioning solutions. 

 User-experience 
 designer 

User experience designers lead on the UI/UX aspects of the 
user experience, building needs into sketches and lo- and 
hi-fi delity prototypes.  

 User-experience User experience researchers engage with users in inter­
 researcher views, observations, focus groups, and other data-collection 

 activities to understand their needs and translate them into 
features and capabilities that will be designed by a user-
experience designer.  
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A diverse, self-contained, cross-functional agile team is the most eff ective method 
for building a solution that meets user needs, has a high degree of usability, and has 
an impact on the intended outcome (Fowler et al., 2001; Manifesto of agile soft­
ware development, 2021). Bringing various areas of expertise together enables rapid 
development and deployment, but, more importantly, ensures each component of 
the solution is working together to yield meaningful insights about learners and 
learning. For example, a data scientist can work directly with a developer to identify 
specific areas where data hooks should be built, while a user-experience designer can 
ensure the data are captured in a way that doesn’t negatively impact the learning 
experience. Because of the importance of the composition of the development team, 
we outline the recommended roles and responsibilities in Table 3.1. 

Table 3.1 Roles and Responsibilities of a Cross-Functional 

Agile Research and Development Team
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Each of the roles described in Table 3.1 represent a unique area of expertise, but 
only the cross-functional collaboration coordinated by the product owner will 
lead to an impactful solution. To that end, the team will be more successful it they 
sprint together through all phases of the design and development process, from 
discovery through optimization. To be clear, every project is different, and the 
exact mix of roles will change as projects pivot and mature. 

User-centricity will not only support the development of a solution that meets 
user needs but will also inform a data architecture that supports meaningful learning 
analytics. At the core of learning analytics is a robust data strategy that should be 
considered through all stages of design and development. User needs should drive not 
only a solution’s intended outcomes and composition of instructional and assessment 
content, but also what data are collected, how they are stored, and the insights that are 
shared back with users. Much like features built into a solution, data collection and 
analytics should be conceptualized and tested with users throughout development. 

The following sections offer a discussion of key considerations when applying 
user-centered design and additional recommendations for applying it. To ground 
the recommendations, we offer examples from the research and development of a 
new learning solution, ELAborate. 

ELAborate 

ELAborate is a literacy-learning tool designed for seventh-grade English Language 
Arts students and teachers. The prototype meets teachers’ needs by providing 
automated scaffolding of reading comprehension to aid students in identifying 
important themes and establishing thoughtful connections among reading con­
cepts. Insights provided to teachers via ELAborate enable effi  ciencies, helping 
them make decisions about how to direct their instruction and which learners 
require additional supports. The interactive environment meets students’ needs of 
closing skills gaps through the development of mental models of characters, their 
goals, sequence of events, and event cause and effect. It also meets student’s needs 
for improved reading motivation and engagement, which, in turn, impacts ability 
and willingness to read independently. Students set goals and work to meet their 
intended outcomes through a set of activities aligned to an instructional model. 
ELAborate is currently in development, and the activities conducted by the team 
and planned for future development will be used as examples throughout this 
section as we describe the various stages of user-centered design. 

User-Centered Design in Discovery 
Discovery is the initial phase in user-centered design, where teams research user 
needs with the goal of identifying the problem to solve. Throughout discovery, a 
series of user-experience research methods are employed to empathize with users 
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and gain an understanding of their values, beliefs, and experiences. Building 
empathy helps development teams identify user pain points, which leads to a 
prioritized list of problems to be solved. To provide a concrete example of the 
activities in this phase, the ELAborate development team initiated their discov­
ery efforts by constructing a survey to send to a broad set of sixth to eighth grade 
ELA teachers with the goals of achieving a general understanding of the middle 
school ELA teacher experience, identifying the most common challenges or 
pain points of those teachers, and further refining their target user group. Th e 
survey provided initial user insights and helped the team construct more tar­
geted questions to probe during four subsequent user focus groups. Using the 
data collected from their research, the great need was identified among seventh-
grade teachers and constructed journey and empathy maps of their experiences. 
The discovery phase culminated in a set of prioritized and validated problem 
statements aligned to teaching literacy to seventh-grade students. 

Learning Outcomes, Theory of Action, Theory of Change, 
and a Learning Model 

Based on validated problem statements, program theory (Bickman, 1987), and 
evidence-centered design (ECD) (Mislevy et al., 1999, 2003, 2006; Arieli-Attali 
et al., 2019), frameworks should be leveraged to build learning models and drive 
learning experience design. We recommend that cross-functional teams work 
collaboratively on the learning model, given they will lay the foundation for 
creating the learner data footprint and subsequent feature and experience design. 

Learning Outcomes 

Driven by the problem statement(s) and reflected in the constructs a learning 
solution will address, the team can begin to articulate learner and learning out­
comes for their solution. Outcome definition should include establishing the 
competencies the solution will address (e.g., what knowledge, skills, and/or attri­
butes does the solution impact, why, and to what degree?) and occur at two 
levels: proximal and distal (Pope et al., 2019; Smith & Finney, 2020). Proximal 
outcomes are narrower, shorter-term, more easily measured outcomes, while 
distal outcomes are typically broader, longer-term outcomes that may be more 
challenging to measure. 

For example, ELAborate currently has the following as one proximal outcome: 

• Students will identify/extract themes and meanings of text; 

and the following as one distal outcome: 

• Students apply themes/meanings of text to understand their own social worlds. 
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Note, the proximal outcome is narrower, falls more directly within the purview 
of the learning solution, and as such, better lends itself to measurement. Although 
the distal outcome is broader, learning science research provides frameworks for 
linking the distal to the proximal outcome such that as students achieve proximal 
outcomes, it contributes to their achievement of more distal outcomes. 

To align defined outcomes with the proposed activities, the team should 
work collaboratively to operationalize each of the competencies or constructs the 
solution aims to impact. The instructional content, assessment, and interventions 
that have been shown to positively affect those competencies can then be identi­
fied (Smith & Finney, 2020) and appropriate Learning Design Principles (LDPs) 
applied. The LDPs will underlie the solution, inform the ToA and the ToC, and be 
leveraged to construct a learning model (Novak, 2016; Meyer et al., 2014). 

Theory of Action (ToA) and Theory of Change (ToC) 

Learning models typically combine a Theory of Action (ToA) and a Th eory of 
Change (ToC) components. A ToA may detail the intervention, solution, or 
capabilities that have been designed to “activate” change (e.g., what are the 
intervention components or capabilities?). A ToC conveys the intended process 
through which change occurs (why and how should the intervention compo­
nents or capabilities work to bring about the desired change in knowledge, skill, 
attributes?). Within the expanded ECD (Arieli-Attali et al., 2019), the ToA 
is part of the Task-Support Model, while the ToC is part of the Transitional-
Evidence Model and the Intended KSA-Change Model. Within Program Th eory 
(Bickman, 1987), the ToA is the Programming or Educational Inputs compo­
nent of the logic model, and ToC is found within the evidence-based research, 
linking the inputs to the proximal outcomes and the proximal outcomes to the 
distal outcomes. 

For example, one feature of ELAborate is student annotation. Th e associated 
ToA includes learning supports, strategies, or inputs (i.e., the Task-Support Model 
from e-ECD), such as the ability to collaboratively annotate with peers, encour­
aging more active reading via annotating behaviors, the ability of annotations to 
slow down students’ automated thought processes and help them engage in more 
deliberative thought processes, etc. These kinds of inputs can help students achieve 
the proximal learning outcomes, such as being able to identify/extract themes and 
meanings from text (i.e., the Transitional-Evidence Model from e-ECD). Next, the 
ToC includes the instructional and behavioral processes through which students 
should start to change their behaviors related to the proximal learning outcome. 

Consider a seventh-grade student who has been struggling with reading and 
begins using ELAborate. The student will have both support engaging in a more 
deliberative process while reading via the use of annotations and help increasing 
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their motivation to read via strengths-based feedback. The student will also receive 
appropriate strategies and nudges to help scaffold them through the reading and 
remembering processes and encouragement to collaborate with peers as they give 
and receive feedback on annotations. The ToA brings in research-based instruc­
tional practices and LDPs (e.g., active reading, collaborative learning, reading 
motivation, scaffolding), while the ToC conveys how and why those practices and 
principles can be combined to help improve the competencies or constructs of 
interest (e.g., the KSAs). Taken together, the ToA and ToC combine to form the 
theoretical and empirical core of a learning model. 

A Learning Model 

Whether or not a development team is applying ECD, the ToA and ToC should 
come together to form a Learning Model. A learning model articulates not only 
the desired impact on student outcomes but also the theoretical and empirical 
evidence underpinning solution capabilities and the interventions they enable. 
That is, the learning model specifies an evidence-based arrangement of instruc­
tional, assessment, and noncognitive components, which, when implemented 
with fidelity, are expected to impact learner outcomes. 

Following the ELAborate example, in addition to consulting theoretical and 
empirical research, the team received feedback from subject matter experts (SMEs) 
and users to validate their learning model. To illustrate this process, Table 3.2 
(beginning on next page) offers a high-level outline of the ELAborate learning 
model and the corresponding learning activities/components that were derived 
based on the LDPs, ToA, and ToC. 

Learner Data Footprint 

The learner data footprint can be thought of as an extension of the discovery 
and ideation phase. More specifically, it is the data architecture created to sup­
port the research foundation of the learning experience established within the 
Learning Model, Theory of Change, and Theory of Action. 

An Intentional Learner Data Footprint 

The operationalization of constructs and establishment of learning paths are 
key to informing the learner data footprint, which is required for meaningful 
learning analytics. Constructs and user flows come together to provide the blue­
print for mapping out user data to collect and store at key points in the learning 
experience. Together, these data can yield valid and reliable insights that create 
a holistic view of learners, learning, interventions, and the solution’s effi  cacy. 



 

Theory of Action/LDPs     Theory of Change

------------------> 

EXAMPLE: Short- EXAMPLE: Long-EXAMPLE: Theoretical & 
Inputs/  Term Learning  Term LearningEmpirical LINKS From Short- to Outcomes OutcomesTask-Support Model    Instructional Long-Term Learning Outcomes 

(Aligned Learning Strategies/ Models (e.g., KSAs) (e.g., KSAs) 
Activities/Supports) -------------------------------------------------->

(Transitional Evidence Model)

Students learn about the objectives and 
 highlight the purpose/benefi t/VALUE

of annotations (goals/outcomes) as a 
 way to improve reading comprehension;
 students set their own goals for reading;

students refl ect on and start to develop 
their own identities as readers. 

 ARCS Model
(Keller, 1987) 
Gain attention 
of the learner 

 (Gagne, 1965);
 Task-centered

(Merrill, 2002) 

 Students report
 that they value

reading skills.

 Students will
develop a reading 
identity. 

 Expectancy Value Theory
(Eccles, 1984, Eccles et al., 
1983, Wigfi eld, 1994); Intrinsic 
Motivation to Read (McRae & 

 Guthrie, 2009); Self-Regulated
 Learning (Panadero, 2017,

Zimmerman, 2000). 

 Students are
better readers. 

 Ask students to describe previous
 annotation experience—what worked

 well for them in the past; ask students to
refl ect on what they already know about 

 the reading topic or materials; students
 complete a diagnostic test to help them

gauge their current understanding and 
prime or bring to mind what they already 
know about topic at hand. 

Stimulate recall/
 prior knowledge

 (Gagne, 1965);
 Knowledge

 activation
 (Merrill, 2002);

Strengths-based 
(Saleeby, 1996) 

 Students will
identify and extract 
themes and mean­
ings of text 

 Strengths-based pedagogy
 (Seligman, 2012, Dept of

 Ed and Early Childhood
 Development, 2012);

 Self-Regulated Learning;
Metacognition (Brandsford & 

 Cocking, 2000) 

 Students are
better readers. 
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Students see scaffolded work examples
(pictures/images); teacher engages in

think-aloud reading to model to students
how they would read and annotate—
models effective annotating behaviors,
helps students start to see the value in
annotating, etc. 

Provide 
guidance
for learning
(Gagne, 1965);
Task-centered
(Merrill, 2002);
Demonstration
(Merrill, 2002) 

Students will
identify and extract 
themes and mean­
ings of text 

Modeling to promote learning
(Bandura, 1986) 

Students are
better readers. 

Students annotates while reading; students
refi ne previous annotations; Smart Nudges
(AI-enabled) help students stay on-track,
also help students stop and think about
their thinking (metacognitive checks). 

Present content
and elicit perfor­
mance (Gagne,
1965); Practice
(Merrill, 2002) 

Students will
identify and extract 
themes and mean­
ings of text 

Annotations to support 
improve reading comprehen­
sion (Novak, et al, 2012, Tseng, 
et al., 2015, Johnson et al.,
2010) 

Students are
better readers. 

Student experience Notice & Note
question prompts; (fi ction/non-fi ction)
and Critical Reading prompts (Tomasek, 
2009); students answer reading compre­
hension questions to help them gauge 
their knowledge while reading. 

Practice (Gagne,
1965); Practice
(Merrill, 2002); 

Students will
identify and extract 
themes and mean­
ings of text

Students will
increase their read­
ing self-effi cacy 

Self-Regulated Learning
(Pandero, 2017, Zimmerman, 
2000); Metacognition
(Bransford et al., 2000);
Formative feedback (Nicol & 
Macfarlane-Dick, 2006) 

Students are
better readers. 

Students engage with peers and teachers
through collaborative annotations; stu­
dents refi ne/review/reconsider their own 
annotations after compare/contrasting
with peer or teacher annotations, etc. 

Practice (Gagne,
1965); Provide 
feedback
(Gagne, 1965);
Practice (Merrill, 
2002); 

Students will
identify and extract 
themes and mean­
ings of text

Students will
increase their read­
ing self-effi cacy 

Collaborative learning (Dewey, 
1938, Vygotsky, 1962, Vygotsky, 
1978); Active learning 

Students are
better readers.

(continues on next page) 



 

 Students receive strengths-based,
real-time formative feedback after 
completing metacognitive and/or com­
prehension check questions. 

Provide feed­
back (Gagne,
1965); Strengths-
based (Saleeby,
1996); Formative
feedback (Wray, 
2011) 

 Students will
increase their read­
ing self-effi cacy. 

 Strengths-based pedagogy
 (Seligman, 2012, Dept of

 Ed and Early Childhood
 Development, 2012);

 Self-Regulated Learning;
Metacognition (Bransford & 
Brown, 2000) 

 Students are
better readers. 

Students complete a more summative 
assessment of their reading comprehen­
sion skills; students receive formative 

 feedback 

Assess perfor­
 mance (Gagne,

1965); Provide 
 feedback

 (Gagne, 1965);
Strengths-based 

 (Saleeby, 1996);
 Formative

 feedback (Wray,
 2011); Practice

(Merrill, 2002) 

 Students will
identify and extract 
themes and mean­
ings of text.

 Students will
increase their read­
ing self-effi cacy. 

Metacognition (Bransford & 
Brown, 2000); Strengths-based 

 pedagogy; Formative feedback
(Nicol & Macfarlane-Dick, 2006) 

 Students are
better readers. 

System offers tips for ways to use 
annotation processes for future tasks; 

 students are provided annotation tips to
help them plan, monitor, regulate, and 
refl ect while reading in the future; stu­
dents refl ect on how what they learned 

 can be applied to a future experience or
 the present lives; students refl ect/refi ne 

their identities as readers. 

Skill retention 
 and transfer

 (Gagne, 1965);
Strengths-
based (Saleeby, 
1996); formative 

 feedback (Wray,
2011); Apply 
(Merrill, 2002) 

 Students will
increase their read­

 ing self-effi cacy.

 Students will
develop a reading 
identity. 

 Self-regulated Learning
 (Panadero, 2017, Zimmerman,

2000); Intrinsic Motivation to 
Read (McRae & Guthrie, 2009) 

 Students are
better readers.

 Students apply
themes/ mean­
ings of texts 

 to understand
 their own social

worlds. 
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Because the learner data footprint should be informed by user needs, the blue­
print can also be leveraged to facilitate additional user research. Interviews and 
focus groups can help determine whether the right data are being captured at 
the right points to enable the inferences users want to make and the actions they 
may want to take. 

Learning analytics to enable user insights will likely be only one of the uses of 
the data captured in a learning solution. It is critical that early in the development 
cycle teams collaboratively identify and clearly articulate each of the intended 
applications of the user data. The ELAborate development team identifi ed fi ve 
primary uses of data which informed the learner data footprint: 

1.	 Analytics to provide user insights about individual, cohort, and class-wide 
outcomes and recommended interventions 

2. The development of interpretable and explanatory algorithms to power auto­
mation and personalization in the system 

3.	 Analytics to understand implementation, engagement, and user behavior for 
purposes of solution optimization 

4. 	 Learning analytics that support research of capabilities and components to 
generate new knowledge of educational technology 

5.	 Learning analytics that support research on the effectiveness and effi  cacy of 
ELAborate to validate the learning model and help users understand what 
works, for whom, and in what context 

Scientists should leverage both learning and measurement theory-driven as well 
as user-focused approaches when constructing the learner data footprint. Scientists 
should also work closely with user-experience researchers and designers as well as 
developers to ensure data architecture can translate appropriately within the user’s 
experience in the system. The work that the ELAborate team had previously done 
on the needs assessment, operationalization of constructs, and articulation of a 
learning model illustrated in Table 3.2 enabled them to effi  ciently overlay and 
communicate a clear and robust data footprint for developers to construct. 

Construct Validity and Meaningful Insights 

A robust learner data footprint tied to development efforts can support a data 
architecture that enables valid insights and combats threats to construct validity 
(Messick, 1994; Cook & Campbell, 1979; Cronbach & Meehl, 1955). A con­
struct validation approach suggests that teams should outline various threats to 
an evidentiary argument and attempt to address them within the design and 
development of technology-enhanced learning solutions (Huggins-Manley et 
al., 2019). Efforts can include building appropriate data hooks to understand 
the user journey, capturing data that are used to adequately and accurately assess 
constructs of interest, and creating opportunities to enable holistic insights. 
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First, developers should build hooks (i.e., triggers, interactions, events) into the 
system to capture checkpoint data that accurately represent a learner’s journey and 
whether their journey is aligned to the Theory of Action. If appropriate hooks are 
not built, scientists will have difficulty measuring whether the solution is being used 
with fidelity. For example, the ELAborate team will need data that describe how, 
where, when, and what students annotated; the accuracy or quality of their annota­
tions; how they used hashtags to make connections; refine their thinking about a 
text; build mental models of texts via graphic organizers like concept maps, etc. An 
understanding of how ELAborate was used will build the foundation for reliable 
learning analytics that enable valid inferences about effectiveness and effi  cacy. 

Continuing the ELAborate example, the team will need to build enough 
aligned annotation and comprehension items that allow them to make appropri­
ate inferences about students’ understanding of text themes and meanings. Th e 
development team doesn’t want to overburden learners with too many assessment 
items but at the same time needs to ensure that there is appropriate coverage of 
reading comprehension to make a valid inference and help the learner learn. To 
combat this threat, the team will gather multiple data points: which words or 
phrases a student annotates, the hashtags they use, as well as a small set of reading 
comprehension items. By aggregating across those data points and triangulating 
the findings, scientists can make more appropriate inferences about whether a 
student comprehends text themes and meanings. 

Finally, it would benefit development teams to capture data across relevant aff ec­
tive, behavioral, and cognitive data points to glean holistic insights. A triangula­
tion of these data can provide more robust, meaningful, and actionable insights 
about learners and how to support them. In ELAborate, for example, the team 
will want to be intentional about collecting data from learner goal setting and 
reflection activities and analyze them together with annotation and hashtag usage 
data as well as learner performance on comprehension questions. Aggregating 
and synthesizing across these distinct, yet related, data points will enable learners 
and instructors using ELAborate to better understand metacognitive ability and 
learning strategy implementation and how this impacts progress and performance. 
Such insights enable more targeted, effective intervention (e.g., informing focused 
intervention on goal setting/reflection vs. annotation or hashtag usage, etc.). 

Experiential and Contextual Considerations 

Often difficult to observe, experiential and contextual factors lead to a larger 
inferential distance between behaviors and demonstrated proficiency of out­
comes (Oranje et. al, 2016). The usability of a solution is an important factor 
to consider when interpreting learning analytics. In thinking about ELAborate, 
when the team is interpreting the analysis of usage data, they must consider 
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things such as whether the five steps it takes to apply an annotation (i.e., the 
usability of the system) influenced the average number of annotations applied 
across learners. Similarly, if analyses suggest that learners were not making com­
prehension connections daily (i.e., using the system with fidelity), the team will 
have to consider whether teacher implementation factored into this behavior or 
if the insight reflects a lack of student engagement. 

Other experiential considerations that may impact the validity of learning 
analytic claims include issues of access (particularly if engagement with the solu­
tion requires a specific technology), requiring users to have a high degree of data 
literacy (particularly if interventions require interpretation of data-heavy insights 
or interventions), and requiring users to have a high degree of technology literacy 
(particularly if they have to manipulate technology in a way that may not be com­
mon to them in order to demonstrate their profi ciency). The cultural relevancy and 
inclusiveness of learning and assessment materials or tasks can also contribute to 
experiential considerations that can affect validity of claims. 

If a tool has low levels of usability or a generally poor overall user experience, 
user behaviors may not reflect how they would otherwise engage, and performance 
data may be invalid because learners could not demonstrate what they know or 
are able to do in a meaningful way. The ELAborate team is engaging in early 
and ongoing moderated and unmoderated testing with a representative sample of 
end users to provide qualitative (e.g., observational) and quantitative (e.g., system 
usability scale scores) data that offer insight into the user experience and usability. 
Iterative testing and regular evaluation during the design process will help to miti­
gate experiential threats. 

Unobservable contextual factors are also likely to impact the validity of the 
claims that can be made based on learning analytics. It is extremely challenging to 
design a learning solution and create a data collection strategy that captures a full, 
comprehensive view of a learner’s context, as well as that in which the solution was 
used. In some cases, qualitative data that provide insight into context, motivation, 
perceptions, etc. can be captured in the tool. However, overburdening the learn­
ing experience with data collection mechanisms may negatively impact student 
engagement with the learning content. If contextual data are going to be cap­
tured within an experience, user-experience researchers and designers, along with 
instructional designers, should advise on when such data collection is appropriate, 
and the flow should be iteratively tested with users. 

By conducting targeted studies with representative samples of users, scientists 
can pair “off-platform” qualitative and quantitative data with “on-platform” check­
point and process data. Although the findings may not be generalizable to the entire 
population of users, such studies can provide deep insight into contextual factors 
influencing behaviors and performance observed in the system. Th e ELAborate 
team, for example, has a long-term testing plan that enables them to triangulate 
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checkpoint, process, experiential, and contextual data. The team is conducting 
an in-context beta test during which they will gather qualitative data about the 
context in which ELAborate is being used (e.g., what is the educational ecosystem, 
etc.); how teachers implemented it (e.g., is it being assigned for credit, as supple­
mental learning, or some mix of both, etc.); student perceptions of ELAborate and 
whether those perceptions influenced how they used it; among other contextual 
and perception data. Individual data will be matched to behavioral and process 
data to understand whether there are mediating factors confounding the measure­
ment of outcomes. 

Ethics-Informed Learning Analytics 

As discussed throughout this chapter, the wealth of data available from digitally 
enhanced learning solutions offers scientists and development teams immense 
opportunity to understand how people learn and support their learning experi­
ence. With that opportunity comes the responsibility to weave principles of ethics 
throughout the design and development process. In this section we discuss three 
considerations aligned to designing for and conducting ethics-informed learning 
analytics. These considerations include representative design and development, 
transparency in data collection and use, and reducing bias in AI and ML. 

Critical to the success of user-centered design is the acknowledgement of who 
is conducting that research and with what participants. Intentionally building a 
diverse development team made up of experts with different backgrounds, per­
spectives, and experiences will support the development of a solution that is more 
representative of the needs and perspectives of the end users. Similarly, recruiting 
co-design participants from disparate backgrounds will further support the design 
of a solution that will resonate with a broader group of users. For example, in addi­
tion to having a diverse development team, the ELAborate team recruited teachers 
from different school types in different geographical locations who teach students 
from uniquely diverse backgrounds to co-design the solution with them. 

Transparency in data collection and use is both ethical and can build trust with 
users, making them more likely to engage with a solution. The ELAborate team, 
for example, developed clear and concise active, informed consent documents that 
outline why a co-design session or study was being conducted, what the data would 
be used for, and how the data would be stored and destroyed following the study. 
Other opportunities for transparency include making data management and stor­
age policies publicly available and allowing users to access their data upon collection. 

Transparency lends itself to considerations associated with the use of machine 
learning, as well. Teams should be explicit about how data are being processed in 
a solution and how algorithms are programmed. Possibly more critical is trans­
parency around how inferences are derived based on the analysis conducted and 
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how those inferences translate to claims about a learner. Key components of this 
consideration are acknowledging the research foundation that the algorithms were 
developed on and being transparent about the models that they were built on. It is 
impossible to completely remove bias in the development of ML models, making 
transparency of efforts and limitations necessary. 

Conclusion 

Advances in the learning sciences paired with the vast amount of data captured 
in digital learning experiences enable learning analytics that hold the potential 
not only to understand more deeply how people learn, but to improve their 
learning experience. As we’ve suggested in this chapter, however, scientists must 
acknowledge and account for the many limitations of inferences drawn from 
analyses of learning data. Particularly when learning tools were neither designed 
on the foundation of a learning theory nor developed with an intentional learner 
data footprint, scientists risk missed observations, or worse, inappropriate infer­
ences. In this chapter, we’ve discussed considerations when developing learning 
analytics, suggested an evidence-centered design architecture, provided practi­
cal recommendations grounded in examples derived from the development of 
a new learning tool, and discussed important ethical considerations related to 
developing learning tools and examining the data they collect. 

 There are several issues to consider in the development of learning analytics. 
The often nascent stage of learning and measurement theory, particularly for non­
academic, non-traditional domains and specifically in digital environments, raises 
additional concerns. In the absence of established theory driving the identifi cation of 
outcomes and the development of learning models, data scientists risk architecting 
data capture based on convenience or intuition. Scientists may then continue to see 
data as ostensibly free byproducts of the solution in which they were collected rather 
than something that needs careful design. These issues make it critical that develop­
ment teams demonstrate discipline when designing and building for insights. 

The core thesis is that  learning analytics are most valid, and can be most useful, 
if they are derived from data captured in learning solutions designed with user-
centricity, following an evidence-centered design approach. Fundamental to a user-
centered approach is building deep empathy for teachers and learners, understand­
ing their needs from their perspectives, and co-designing and iteratively testing a 
solution to meet those needs. User-validated problem statements enable learning 
theory, supporting outcome definition and the articulation of competencies and 
attributes to demonstrate those outcomes. Clear operationalization of constructs 
helps create a solution learning model within the evidenced-centered design, which 
will then lead to a Theory of Change and, finally, the Theory of Action. Once the 
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capabilities and features of a learning solution are articulated through the Th eory 
of Action, scientists can architect an intentional learner data footprint that will 
allow them to validate their learning theory and make important inferences about 
learners and their learning processes. 

Scientists will have to consider threats to construct validity and the experiential 
and contextual factors that can confound the insights derived from data analytics. 
To combat threats to construct validity, we off ered three recommendations. First, 
we argued for the importance of mapping and developing appropriate data hooks 
to illustrate through data how users engage with a solution. Next, we noted the 
importance of capturing data that appropriately and accurately assess constructs 
of interest. We also recommended identifying various behavioral and cognitive 
activities that could provide more holistic insights into a learner’s profi ciency. 
Importantly, scientists must remember the highly socio cognitive nature of mea­
suring learner cognition and the gaps that will exist in even the most intentional 
and robust learner data footprint. Experiential factors, such as a system’s usability, 
and contextual factors, such as how a tool is implemented, will inevitably infl uence 
insights derived from learning analytics. In this chapter, we discussed the impor­
tance of pairing data collected inside a learning tool with contextual evidence. 

We ended this chapter with a discussion of ethical considerations when design­
ing and developing digitally enhanced learning tools and conducting analyses 
of the data captured within them. We touched on the importance of building a 
diverse development team and engaging a representative sample of co-design part­
ners to reduce bias in design. The need for clear communication with users about 
data capture and use was also discussed. And finally, we discussed the importance 
of transparency around how algorithms are programmed, how inferences are 
derived, and, importantly, how those inferences translate to claims about learners. 

Much of this chapter focused on considerations scientists should be aware of 
when making inferences based on learning analytics. Nevertheless, there is much 
to be learned from how people engage with learning tools and how they dem­
onstrate what they know and can do. By employing a user-centered approach to 
design, applying an evidenced-centered design to development, and building an 
intentional data architecture based on theory, scientists can build eff ective and 
efficient learning solutions that support users and enable learning analytics that 
drive the advancement of learning theory. 

References 

1st International Conference on Learning Analytics and Knowledge, Banff, Alberta, Feb­
ruary 27–March 1, 2011, as cited in George Siemens and Phil Long, Penetrating the 
fog: Analytics in learning and education. EDUCAUSE Review, 46(5). 



 

 
 
 

  

 

 
 

  

 
 

 

 
   

  
 

   

  

  
 

 
 

   
  

  

 
  

 

Designing for Insights 53 

Arieli-Attali, M., Ward, S., Thomas, J., Deonovic, B., and von Davier, A. A. (2019). Th e 
expanded evidence-centered design (e-ECD) for learning and assessment systems: A 
framework for incorporating learning goals and processes within assessment design. 
Frontiers in Psychology, 10, 1–17. 

Bandura, A. (1986). Social Foundations of Thought and Action: A Social Cognitive Th eory. 
Prentice-Hall, Inc. 

Bickman, L. (1987). The functions of program theory. New Directions for Program Evalu­
ation, 33, 5–17. 

Branch, R. M., and Merrill, M. D. (2012). Characteristics of instructional design models. 
In: R. A. Reiser and J. V. Dempsey (Eds.), Trends and Issues in Instructional Design 
and Technology (3rd ed.), 8–16. Boston: Pearson. 

Bransford, J. D., Brown, A. L., and Cocking, R. R. (2000). How People Learn: Brain, Mind, 
Experience, and School. Washington, DC: National Academy Press. 

Cook, T. D., and Campbell, D. T. (1979). Quasi-Experimentation: Design and Analysis 
Issues for Field Settings. Houghton Miffl  in. 

Cronbach, L. J., and Meehl, P. C. (1955). Construct validity in psychological tests. Psycho­
logical Bulletin, 52, 281–302. 

Department of Education and Early Childhood Development. (2012). Strength-Based 
Approach. A Guide to Writing Transition Learning and Development Statements. Mel­
bourne, Australia: State of Victoria. 

Dewey, J. (1938). Experience and Education. New York: Macmillan. 
Eccles, J. S. (1984). Sex differences in achievement patterns. In: T. Sonderegger (Ed.), Nebraska 

Symposium on Motivation, 32, 97–132. Lincoln, NE: University of Nebraska Press. 
Eccles J. S., Adler, T. F., Futterman, R., Goff, S. B., Kaczala, C. M., Meece, J. L., and Midgley, 

C. (1983). Expectancies, values, and academic behaviors. In: J. T. Spence (Ed.), Achieve­
ment and Achievement Motivation, 75–146. San Francisco, CA: W. H. Freeman. 

Fowler, M., Martin, J., and Highsmith, J. (2001). The agile manifesto. Software Development 
9.8, 21–65. 

Gagne, R. M. (1965). The analysis of instructional objectives for the design of instruction. 
Teaching Machines and Programmed Learning II: Data and Directions, 21–65. 

Hassenzahel, M. (2010). Experience Design: Technology for All the Right Reasons. Morgan 
and Claypool Publishers. 

Huggins-Manley, A. C., Beal, C. R., D’Mello, S. K., Walter, W. L., Cetin-Berber, D. D., 
Kim, D., and McNamara, D. S. (2019) A commentary on construct validity when 
using operational virtual learning environment data in eff ectiveness studies. Journal 
of Research on Educational Effectiveness, 12(4), 750–759. 

Interactive Design Foundation. (2021, April 23). User Centered Design. https://www.inter 
action-design.org/literature/topics/user-centered-design 

Johnson, T., Archibald, T., and Tenenbaum, G. (2010). Individual and team annotation 
effects on students’ reading comprehension, critical thinking, and meta-cognitive 
skills. Computers in Human Behavior, 26, 1496–1507. 

https://www.interaction-design.org
https://www.interaction-design.org


 

 
 

 

 
  

 
 

   

 
 

 
 

 

 
 

 
 

 
 

 
 

 

 
  

 
 

 

54 Online Learning Analytics 

Keller, J. M. (1987). Development and use of the ARCS model of instructional design. Jour­
nal of Instructional Development, 10(3), 2–10. 

Knight, S., Shum, S. B., and Littleton, K. (2014). Epistemology, assessment, pedagogy: 
Where learning meets analytics in the middle space. Journal of Learning Analytics, 1(2), 
23–47. 

Lockyer, L., Heathcote, E., and Dawson, S. (2013). Informing pedagogical action: Align­
ing learning analytics with learning design. American Behavioral Scientist, 57(10), 
1439–1459. 

McRae, A., and Guthrie, J. T. (2009). Promoting reasons for reading: Teacher practices 
that impact motivation, 55–76. In: E. H. Hiebert (Ed.), Reading More, Reading 
Better. Guilford Press. 

Manifesto of Agile Software Development. (2021, April 23). Retrieved April 23, 2021, 
from https://agilemanifesto.org/ 

Merrill, M. D. (2002). First principles of instruction. Educational Technology Research and 
Development, 50(3), 43–59. 

Meyer, A., Rose, D. H., and Gordon, D. (2014). Universal Design for Learning: Th eory and 
Practice. Wakefield MA: CAST. 

Messick, S. (1994). The interplay of evidence and consequences in the validation of perfor­
mance assessments. Educational Research, 23(2), 13–23. 

Mishra, P., and Koehler, M. J. (2006). Technological pedagogical content knowledge: A 
new framework for teacher knowledge. Teachers College Record, 108(6), 1017–1054. 

Mislevy, R. J. (2020). Statistical theoreticians and educational assessment: Comments on 
Shelby Haberman’s NCME Career Contributions Award. Journal of Educational 
Measurement, 57(3), 386–396. 

Mislevy, R. J., and Haertel, G. D. (2006). Implications of evidence‐centered design for 
educational testing. Educational Measurement: Issues and Practice, 25(4), 6–20. 

Mislevy, R. J., Steinberg, L. S., Breyer, F. J., Almond, R. G., and Johnson, L. (1999). A cog­
nitive task analysis with implications for designing simulation-based performance 
assessment. Computers in Human Behavior, 15(3–4), 335–374. 

Mislevy, R. J., Steinberg, L. S., and Almond, R. G. (2003). On the structure of educational 
assessments. Measurement: Interdisciplinary Research and Perspectives, 1, 3–66. 

Nicol, D. J., and Macfarlane‐Dick, D. (2006). Formative assessment and self‐regulated 
learning: A model and seven principles of good feedback practice. Studies in Higher 
Education, 31(2), 199–218. 

Novak, K. (2016). UDL Now!: A teacher’s Guide to Applying Universal Design for Learning 
in Today’s Classroom. Wakefield, MA: CAST Professional Publishing. 

Novak, E., Razzouk, R., and Johnson, T. (2012). The educational user of social annota­
tion tools in higher education: A literature review. Internet and Higher Education, 
15, 39–49. 

Oranje, A., Keehner, M., Persky, H., Cayton-Hodges, G., and Feng, G. (2016). Th e 
role of cognition in the design, development, and reporting of educational survey 

https://www.agilemanifesto.org


 

 

 

 

  
 

  
  

 

 
 
 

 
 

 
 

 
 

 
   

  

Designing for Insights 55 

assessments. In: A. A. Rupp and J. Leighton (Eds.),  Handbook of Cognition and 
Assessment.  New York: Wiley. 

Panadero, E. (2017). A review of self-regulated learning: Six models and four directions for  
research. Frontiers in Psychology, 8(422), 1–28. 

Pope, A. M., Finney, S. J., and Barre, A. K. (2019). Th e essential role of program theory:  
Fostering theory-driven practice and high-quality outcomes assessment in student  
aff airs.  Research & Practice in Assessment, 14, 5–17.  

Puentedura, R. (2006). Transformation, technology, and education.  Presentation given  
August 18, 2006, as part of the Strengthening Your District Th rough  Technology  
Workshops. Maine, USA. 

Saleebey, D. (1996). Th e strengths perspective in social work practice: Extensions and cau­
tions. Social Work, 41(3), 296–305. 

Seligman, M. E. (2012). Flourish: A Visionary New Understanding of Happiness and Well-
Being. Simon and Schuster. 

Tomasek, T. (2009). Critical reading: Using reading prompts to promote active engage­
ment with text. International Journal of Teaching and Learning in Higher Education, 
21(1), 127–132. 

Tseng, S., Yeh, H., and Yang, S (2015) Promoting different reading comprehension levels 
through online annotations. Computer Assisted Language Learning, 28(1), 41–57. 

Shibani, A., Knight, S., and Shum, S. B. (2019). Contextualizable learning analytics 
design: A generic model and writing analytics evaluations. Proceedings of the 9th 
International Conference on Learning Analytics & Knowledge, 210–219. 

Smith, K. L., and Finney, S. J. (2020). Elevating program theory and implementation 
fi delity in higher education: Modeling the process via an ethical reasoning curricu­
lum. Research & Practice in Assessment, 15, 1–13. 

Vredenburg, K., Mao, J.-Y., Smith, P. W., and Carey, T. (2002). A survey of user-centered 
design practice. CHI’02: Proceedings of the SIGCHI Conference on Human Factors in 
Computing Systems, 471–478. New York: ACM. 

Vygotsky, L.S. (1978). Mind in Society. Cambridge, MA: Harvard University Press. 
Vygotsky, L.S. (1962). Thought and Language. Cambridge, MA: MIT Press. 
Wigfield, A. (1994). Expectancy-value theory of achievement motivation: A developmen­

tal perspective. Educational Psychology Review, 6,49–78. 
West, R. E. (2018). Foundations of Learning and Instructional Design Technology: Th e Past, 

Present, and future of Learning and Instructional Design Technology (1st ed.). EdTech 
Books. 

Wray, E. (2011). RISE model for peer feedback. Retrieved April 21, 2021, from https:// 
static1.squarespace.com/static/502c5d7e24aca01df4766eb3/t/5c4e71ecf950b7713 
0df9756/1548644844456/RISE-Model-Peer-by-Emily-Wray-2018.pdf. 

Zimmerman, B. J. (2000). Attaining self-regulation: A social cognitive perspective. In: 
Boekaerts M., Pintrich P. R., and Zeidner M. (Eds.), Handbook of Self-Regulation, 
13–40. San Diego, CA: Academic Press. 

https://www.static1.squarespace.com
https://www.static1.squarespace.com


https://taylorandfrancis.com


 

  

  

  

Chapter 4
 

Implementing Learning 
Analytics at Scale in an 
Online World 

Lessons Learned from the 
Open University UK 

Bart Rienties1 

Abstract 

While many “brick-and-mortar” universities had to rapidly shift online provi­
sion during the pandemic, a range of online and distance-learning universi­
ties have been teaching in blended and online formats for years. Th e Open 
University UK has been trailblazing innovative and effective learning designs 
for diverse learners across the globe for 50 years, and learning analytics in par­
ticular since 2014. This chapter explores two large-scale implementations (i.e., 
Analytics4Action, learning design) as a multiple case-study to illustrate how 
educators and institutions might make sense of meaningful learning analytics 
at scale. Th e findings indicate that active engagement by educators with learning 
analytics can positively improve the chances of learners to get support early and 

1 Institute of Educational Technology, Open University UK, Milton Keynes, UK 
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to set them up for success. However, more needs to be done to actively support 
our educators to make sense of learning data. 

Keywords: Learning analytics, Open University, case study, Analytics4Action, 
learning design 

Introduction 

With COVID-19 and the rapid shift to blended and online provision, the way 
educators and learners engage with each other has dramatically changed since 
March 2020. A range of studies have started to explore the impact of COVID­
19 on how the roles of educators and learners are changing over time (Gherheș, 
Simon, & Para, 2021; Haras, Calhoun, Olson, & Rosenberg, 2021; Naffi  , 2020), 
as many institutions had to shift “over night” to online provision. Over half a 
billion students and thousands of educators were disrupted by the sudden shift 
to online education (Crawford et al., 2020; Gonzalez et al., 2020; Naffi  , 2020). 

In a review of educational reactions to COVID-19 in 20 countries, Crawford 
et al. (2020) found a vast range of strategies and practical solutions by higher 
education institutions (HEIs) to deal with the new situation. Furthermore, in a 
Spanish context, Gonzalez et al. (2020) found that confinement led to a signifi cant 
positive effect on academic performance. However, in a medical context, Haras et 
al. (2021) found that most medical institutions were not equipped to teach online, 
and that a mindful teaching approach was needed that “creates presences that set 
climate and support discourse, establish routines that build practice, model pro­
fessional expectations, and challenge but support learners.” Naffi (2020) found a 
similar renewed interest in pedagogy to move towards online education, but at the 
same time a risk in anxiety and stress amongst educators. 

While many “brick-and-mortar” universities had to rapidly shift online provi­
sion during the pandemic, a range of online and distance learning universities have 
been teaching in blended and online formats for years (Lucena, Díaz, Reche, & 
Rodríguez, 2019; Tait, 2018), and some, like the Open University UK (OU), even 
for decades. The OU has been trailblazing innovative and effective learning designs 
for diverse learners across the globe for 50 years. In the last 15 years, the OU has been 
on the forefront of providing innovative learning design approaches, frameworks, 
and trainings to its learners online across the globe. Furthermore, since 2014, the 
OU has started to implement learning analytics approaches to help support their 
students and educators (Calvert, 2014; Clow, 2014; Open University UK, 2014; 
Rienties, Olney, Nichols, & Herodotou, 2020; Wolff, Zdrahal, Herrmannova, 
Kuzilek, & Hlosta, 2014). 
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Designing effective and engaging learning activities for learners in blended and 
online learning environments traditionally has been regarded as an art and a skill, 
primarily embedded in technology-focussed system thinking and strongly infl u­
enced by educator beliefs of what is “good” learning (Neelen & Kirschner, 2020). 
With the advance of technological affordances of learning systems and increased 
digitalisation of learning activities, the OU has developed a range of approaches 
to map which learning activities might be useful for learners and how institu­
tions could systematically capture common learning design approaches (Conole, 
2012; McAndrew, Nadolski, & Little, 2005) and learning analytics approaches 
in particular (Rienties et al., 2016; Rienties & Toetenel, 2016). In this chapter, I 
will review the lessons learned from implementing learning analytics and learning 
design at scale at the OU with its 170,000 students and around 7,000 educators. 

Making Use of Learning Analytics Data 

While some higher education institutions (HEIs) are starting to use data to 
make sense of what may be happening with their students, in comparison to 
most contemporary companies and the wider public sector, the use of data is 
mostly retrospective. Until recently, most HEIs primarily collated two types of 
data, often in an isolated manner (Phillips, 2013; Viberg, Hatakka, Bälter, & 
Mavroudi, 2018). One type of data, academic learner data, mainly consists of rel­
atively static data about registered learners (e.g., demographics, prior education, 
progress/completion data) (Matz et al., 2021; Tempelaar, Rienties, & Giesbers, 
2015). Most of these data are collated and managed to award grades and degrees, 
often maintained for formal quality assurance and quality enhancement pro­
cesses. Often these academic learner data are mainly used by “non-educators” 
(e.g., administrators, managers, policy makers). 

The second type of data, learning data about what learners are (not) doing in a 
module, is increasingly becoming available to educators (Herodotou et al., 2019; 
Tempelaar et al., 2015). In particular, with the rise of virtual learning environments 
(VLEs), many educators in the last 10–20 years have gained access to behavioural 
and cognitive learning data of their learners (Herodotou et al., 2019; Matz et al., 
2021; Tempelaar et al., 2015), occasionally supplemented with aff ective learning 
data (Fan, Saint, Singh, Jovanovic, & Gašević, 2021; Kia, Hatala, Baker, & Teasley, 
2021; Tempelaar, Nguyen, & Rienties, 2020). 

These VLEs often provide standardised metrics of how a learner has, for example, 
engaged within the VLE, when the last log-in was, and how long a learner has spent 
on the VLE in the last week. However, most educators do not actively use these 
data. Educators may think that there is no need to use them (Herodotou, Rienties, 
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et al., 2020), the data are too complex to understand (Rienties, Herodotou, Olney, 
Schencks, & Boroowa, 2018), or the data stored in these dashboards are not neces­
sarily relevant (Kaliisa, Mørch, & Kluge, 2021). 

The Rise of the Learning Analytics Community 

In the last ten years, an incredible body of research has become available under 
the umbrella term of learning analytics, which aims to apply the outcomes of 
analysing data from learners and affect their learning behaviour. A wide breadth 
of systematic literature reviews have found that learning analytics can help to 
identify which learners are potentially at risk using learning analytics dash­
boards (Bodily & Verbert, 2017), who might need more/less support (Ifenthaler 
& Yau, 2020), which interventions might be more effective for which learner 
(Ferguson & Clow, 2017; Knobbout & van der Stappen, 2020; Viberg et al., 
2018), and how to identify which part of a learning design may (not) be eff ective 
(Mangaroska & Giannakos, 2019). While many of these reviews provide strong 
evidence and support of the power of learning analytics, most of these learning 
analytics applications were implemented in single-module or small-scale set­
tings (Ferguson & Clow, 2017; Viberg et al., 2018). Few institutions have imple­
mented learning analytics at scale and across its institution. 

A notable exception is the OU, who since 2014 has gradually moved from small-
scale experimentation to large-scale adoption of learning analytics throughout all 
400+ modules and qualifi cations available within the OU for its 170,000+ online 
learners. In part, this is also evidenced by the wide body of research on learning 
analytics coming from the OU, as it has led the publication output table in Web of 
Science on the topic of learning analytics for years. At the OU, two specifi c learn­
ing analytics systems are currently used; one focused on risk-assessment and longi­
tudinal progression over time (Calvert, 2014; Herodotou, Naydenova, Boroowa, 
Gilmour, & Rienties, 2020), while the other focused more on predicting whether 
(or not) a student will make and pass the next assessment based upon VLE behav­
iour (Hlosta, Papathoma, & Herodotou, 2020; Wolff et al., 2014). 

In parallel to developing predictive learning analytics approaches, substantial 
investment is made in supporting educators to make sense of these data and to 
design interventions where needed. Based upon dozens of studies at the OU and 
elsewhere, educators are essential for eff ective development, implementation, and 
evaluation of learning analytics approaches at scale. This chapter will focus on 
two large-scale implementations (i.e., Analytics4Action project, learning design) 
as a multiple case study to illustrate how educators and institutions might want 
to consider making sense of meaningful learning analytics at scale. Both these 
cases received substantial support from senior management at the initiation stage 
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of development, as well as continued support when these innovations were main-
streamed and implemented as business as usual. 

Case Study 1: The Analytics4Action Project 

In Analytics4Action (Hidalgo & Evans, 2020; Rienties et al., 2016; Rienties 
& Herodotou, 2021), we realised from 2014 that developing and implementing 
any dashboard for educators with learning and learner data, let alone a state-of­
the-art learning analytics dashboard, requires involvement of a wide range of 
stakeholders. As indicated by Rienties et al. (2016, p. 4), in Analytics4Action, 

“the first step is to bring together the key stakeholders in the module, such as 
educators, learning analysts and administrators for the purpose of presenting, 
unpacking and understanding learning data available taken from various VLE 
and related systems. This is termed a data touch point meeting [now labelled 
data support meetings] and the project held four of these with each module over 
a one-year period”. 

Typically within an academic year, the Analytics4Action team will be working 
with teams of academics responsible for 40+ modules (Hidalgo & Evans, 2020). 
As indicated in Figure 4.1 (Rienties et al., 2016), in the Analytics4Action frame­
work, there are six (potential) steps that educators and institutions might want to 
take to make sense of data about learners and their learning. Note that we are not 

Figure 4.1 Analytics4Action Framework (Source: Rienties et al., 2016) JIME (Creative 
Commons license) 
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expecting all educators to go through all six Analytics4Action steps, or in any spe­
cifi c order. For some educators, just starting with the first step of “what is known 
about your students” might already lead to substantial new insights. For others, it 
might be already a common practice to look deeply at data, but perhaps there is 
no evidence hub yet to store and collate these insights. In this case study, we will 
focus only on the first step in the Analytics4Action framework. In other publica­
tions, more detailed examples of fully-worked-out examples are provided (Hidalgo 
& Evans, 2020; Rienties & Herodotou, 2021). 

Key Metrics and Drill Downs: What Is Known 
About Your Students? 

Typically, during three or four data support meetings within one module, educa­
tors will work with other stakeholders and data experts from the Analytics4Action 
team through a range of dynamic and static dashboards provided by the OU. 
These dashboards have been organically developed and further fi ne-tuned over 
time based upon feedback from educators and other stakeholders. By iteratively 
revising dashboards together with educators, a co-constructed approach was  
adopted to make sense of the emerging data. 

An example learning analytics dashboard is shown in Figure 4.2, which presents 
a range of visualisations from a medium-size introductory module on engineering of 
546 learners who started in October 2020. In OU Analyse (Herodotou et al., 2019; 
Herodotou, Rienties, et al., 2020; Wolff et al., 2014), educators can compare how 
engaged (in terms of average VLE clicks) their learners on average are (orange line) 
relative to the previous cohort of students attending the same engineering course 
(blue line). Furthermore, the bar charts indicate the average assessment scores of the 
various module assessments (orange bar) relative to the previous cohort (blue bar). It 
also shows when learners have to pay the next part of their study fee (i.e., Fee Liability 
Point). In the first week of the course, students were more active relative to previous 
cohort(s), similar in week 2, slightly below in week 3, etc., until the first two assign­
ments in week 7 (one so-called Computer Marked Assessment, and one Tutor Marked 
Assessment). Furthermore, the dashboard illustrates that in week 10, 521 students 
were still registered, and 320 students were active in the VLE in the previous week. 

As illustrated in Figure 4.3, educators at the OU also have access to detailed 
predictions of their learners through the OU Analyse dashboard. Used in a traffi  c-
light-like visualisation, OU Analyse predicts whether (or not) a learner is going 
to submit (and pass) the next assignment. After 10 weeks in this (anonymised) 
example list of 10 learners, only one learner (we gave her the name “Camren”) 
did not submit the first assignment (in OU jargon this is called Teacher Marked 
Assignment, TMA). Furthermore, one learner (named as “Stacy”) was indicated as 
amber after the first assignment in week 7 due to a below-average engagement. An 
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educator can subsequently zoom into the dashboard details of a learner like Stacy, 
as illustrated in Figure 4.4, and perhaps consider taking an action. 

A strong feature of OU Analyse is that it knows which learning activities are key 
for successful completion of an assessment, and which ones are not. Based upon 
thousands of (un)successful learner paths, OU Analyse gives information to the 
educator whether (or not) key learning activities have been undertaken by Stacy 
(Herodotou, Rienties, et al., 2020; Hlosta et al., 2020). Unfortunately, Stacy did 
not successfully complete the module, as she did not submit her second assign­
ment. Of the 10 learners in this example, three learners (Alverta, Camren, Stacey) 
did not pass this engineering course. In a range of studies, we have shown that 
active engagement by educators with learning analytics can positively improve the 
chances of learners to get support early (Herodotou, Naydenova, et al., 2020) and 
to set them up for success (Herodotou, Rienties, et al., 2020). 

At the same time, not all educators will engage with learning analytics 
(Herodotou, Rienties, et al., 2020). In part this is explained by the type of contract 
that associate lecturers are currently on at the OU, which do not require them to 
look at learning analytics data, and they are not financially rewarded to do so either. 
Furthermore, our research (Herodotou, Rienties, et al., 2020; Kaliisa, Gillespie, 
Herodotou, Kluge, & Rienties, 2021; Rienties et al., 2018) indicates that whether 
(or not) educators actively use learning analytics is dependent upon respective fac­
ulty’s engagement, embedding educators as “champions”, helping with evidence 
generation and dissemination, digital literacy, and conceptions about teaching 
online. The Analytics4Action approach shows that when educators are intensively 
supported to make sense of learning analytics, they are not only more inclined to 
use learning analytics data, but they also become advocates to their peers of using 
learning analytics (Hidalgo & Evans, 2020; Rienties & Herodotou, 2021). 

Case Study 2: Learning Design to Understand 
Learning Analytics 

While learning analytics dashboards such as OU Analyse provide an engaging 
and integrated perspective on behaviour and cognitive engagement of learners, 
our experience at the OU indicates that without a deep understanding of the 
underlying learning design of a particular course, it is difficult to understand the 
peaks and troughs in such systems. 

Learning Design is a structured design, specifi cation, and review process (Conole, 
2012; McAndrew et al., 2005; Rienties & Toetenel, 2016; Toetenel & Rienties, 2016a; 
Wasson & Kirschner, 2020). In the Open University Learning Design Initiative 
(OULDI), learning activities are categorised according to seven main types of what 
learners do (i.e., assimilative, finding and handing information, communicative, pro­
ductive, interactive, experiential, assessment), as indicated in Table 4.1. OULDI is 
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supported by a simple set of tools and resources that enable a student-activity-based 
approach that puts the student experience at the heart of curriculum design. 

By embedding learning design with state-of-the-art learning analytics approaches 
since 2014, the OU has been trailblazing research on the OULDI framework (1) 
how 1541 educators are designing blended/online modules; (2) how these designs 
are impacting 170K+ learners’ behaviour and academic performance; and (3) how 
learning designs could be effectively adjusted based upon learning process data of 
students and effective practice from peer educators. 

1) How Are Educators Designing Online Learning Activities? 

For example, Toetenel and Rienties (2016a) analysed 157 learning designs devel­
oped in the OU using OULDI. Results revealed that the majority of educators 
used two types of learning activities most widely—namely, assimilative activi­
ties (M = 39%, SD = 17%: reading, watching videos, and listening to audio), 
and assessment activities (M = 22%, SD = 15%). The categories of productive 
(M = 13%, SD= 10%), communicative (M = 8%, SD = 7%), fi nding informa­
tion (M = 7%, SD = 7%), experiential (M = 6%, SD = 8%), and interactive 
(M = 5%, SD = 7%) were relatively little used on average. However, as is visible 
by the relatively large standard deviations, substantially different practices were 
found where some educators did integrate substantially more productive and 
communicative learning activities, while others mainly focussed on assimilative 
and assessment activities. 

In order to encourage educators to consider more student-centred designs, 
an interactive dashboard and online tool was developed that allows educators 
to directly map their own learning design and compare and contrast their own 
designs with other designs from colleagues. Figure 4.5 illustrates the learning 
design of the Introduction to Engineering course previously mentioned in case 
study 1, in which 41% of learning activities were labelled as assimilative in total, 
whereby for example in week 16, 6 hours was pencilled in by the educators for 
students to work on assimilative activities. In week 19, a range of productive and 
experiential activities were included, while the last three weeks were designed for 
preparation for the final assessment. By mapping and visualising the learning 
activities, educators can ensure that appropriate workload balancing is introduced 
and communicated to students. 

The OULDI tool has been made available online using a Creative Commons 
license (Van Ameijde, 2015). The use of the OULDI model has resulted in an 
impact on the understanding, learning, and practice of 1541 university educators 
over a dozen countries, including Belarus (Olney, Endean, & Banks, 2020), China 
(Olney, Li, & Luo, 2021), Kenya (Mittelmeier et al., 2018), South Africa (Greyling, 
Huntley, Reedy, & Rogaten, 2020), and the UK by shaping their understanding 
and implementation of learning design. 
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2) How Is Learning Design Impacting Learner 
Behaviour and Academic Performance? 

Obviously, it is one thing being able to map how educators design and imple­
ment online learning activities, but another is whether (or not) learning design 
influences learners’ behaviour and academic outcomes. In one of the fi rst large-
scale empirical studies finding a strong link between learning design and aca­
demic outcome, Rienties and Toetenel (2016) used multiple regression models 
to link 151 modules taught in 2012–2015 at the OU and studied by 111,256 
students with students’ behaviour. 

Findings indicated that the primary predictor of academic retention was the rela­
tive amount of communication activities (e.g., student-to-student interaction, student-
to-educator interaction). The findings indicated that a 1% increase in learning 
activities related to communication would increase pass rates of modules with 0.5%. 
Furthermore, the way educators designed the online activities had a signifi cant 
impact on student engagement and student satisfaction (Rienties & Toetenel, 2016). 

Follow-up temporal analyses by Nguyen, Rienties, Toetenel, Ferguson, and 
Whitelock (2017) on a week-by-week basis of how educators’ learning activities 
designed for, say, week 1 influenced students’ behaviour in week 1, with 72,377 stu­
dents showing that 69% of how students engage on a weekly basis is a direct result 
of how educators design courses. In other words, two-thirds of study engagement 
and success of students is directly related to how educators design online learning 
activities. This is a tremendously important finding, as how educators create, design, 
and implement learning activities has a substantial impact on learners’ success. 

3) How Can Learning Designs Be Effectively Adjusted Based upon 
Learning Process Data of Students and Effective Practice from 
Peer Educators? 

By using both OULDI dashboards and student engagement data from Analytics 
4Action and OU Analyse, educators are actively (re)designing their learning 
activities in an evidence-based manner. For example, Toetenel and Rienties 
(2016b) showed that giving educators early access to visualisations of other learn­
ing design options could actively encourage educators to change their learning 
design approaches by incorporating more communicative and interactive activi­
ties relative to assimilative activities. Herodotou, Rienties, et al. (2020) showed 
that 1159 associate lecturers at the OU in 231 courses over a period of four years 
were successfully able to intervene to support students who were struggling with 
the learning design. 

Furthermore, in a mixed-effect logistic-regression study on 123K undergraduate 
students in 205 modules at the OU, Nguyen, Thorne, and Rienties (2018) showed 
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a positive association between providing so-called study breaks (i.e., a week with­
out any scheduled learning activities) and the odds of passing a course, while there 
was no statistically signifi cant effect in relation to the number of assessment prepa­
ration and revision weeks (i.e., a week to study for assessment/exam). Many educa­
tors at the OU assumed that providing assessment preparations and revision weeks 
before an assessment would have a positive impact on study success. However, the 
analysis showed that a higher proportion of passed students remained active during 
preparation and exam revision weeks compared to failed students (Nguyen et al., 
2018). This study helped to shift the learning design thinking of educators by giv­
ing learners regular study breaks to catch up during a module, rather than collating 
them all at the end of a module. 

In a recent study looking at learning designs in Massive Open Online Courses 
(MOOCs), Rizvi, Rienties, Kizilcec, and Rogaten (2021) used process-mining 
techniques to inspect trace data for 49K learners enrolled in 10 large FutureLearn 
MOOCs (massive open online courses). They examined whether (or not) diff er­
ences regarding the number of assimilative activities (articles and videos), com­
munication activities (discussions), and assessment activities (quizzes) within a 
MOOC could be used to predict learners’ persistence and why learners engaged 
diff erently. The quantitative and qualitative findings indicated that learning design 
decisions made by Western educators were mainly benefi cial for Western learners, 
while learners from other geo-cultural regions either had to adopt a new learning 
approach or were more likely to drop out. As argued by Rizvi et al., (2021) “[u]ntil 
we reach the (difficult yet attainable) milestone of a flexible, culturally adaptive 
MOOC LD, we recommend taking a balanced approach by combining diff erent 
types of learning activities, not just video-based, or reading MOOCs.” 

Discussion 

By closing the loop between what educators are designing and how learners 
are engaging with blended and online learning activities, both fundamental 
and theoretical advances have been made on how to effectively support online 
learning in a wide range of publications at the Open University UK (OU),  
which have been applauded and recognised widely by both the research com­
munity (Mangaroska & Giannakos, 2019; Neelen & Kirschner, 2017; Wasson 
& Kirschner, 2020) and practice (Greyling et al., 2020; Mittelmeier et al., 2018; 
Olney et al., 2020; Olney et al., 2021). 

In this multiple case study, we illustrated how the OU is facilitating educa­
tors to make sense of data and learning analytics, in particular by two large-scale 
implementations of Analytics4Action and learning design. One main lesson 
learned from large-scale implementation in organisations such as the OU is that 
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innovation takes substantial time to grow, develop, mature, and embed into an 
organisation. For example, the initial seeds of the learning design approach were 
already developed in 2005 (McAndrew et al., 2005) and received a substantial 
push in 2010–2012 when some funding was received to work together with six 
UK institutions (Conole, 2012). Nonetheless, the actual large-scale adoption and 

“maturation” of learning design only started after 2014, when substantial strategic 
effort was placed in mapping the learning designs of each new module and recruit­
ment of a range of learning designers bringing in new ideas (Toetenel & Rienties, 
2016a, 2016b; Van Ameijde, 2015). Similarly, with Analytics4Action, it probably 
took three to four years before the process matured and was suffi  ciently embedded 
as business as usual. 

Linked with the first lesson, our second lesson is that without clear senior 
management support it would be extremely difficult to reach a critical mass to 
implement innovations such as learning analytics at scale. As these innovation 
projects are complex and take up a lot of time on educators, strong buy-in from 
senior management is needed to prioritise these innovations (Dawson et al., 2018; 
Rienties et al., 2020). 

Thirdly, as evidenced by a range of technological adoption failures over the 
years, without bottom-up support from educators and researchers who are willing 
to take a risk, any educational innovation is probably doomed to fail (Herodotou 
et al., 2019; Kaliisa, Gillespie, et al., 2021; Kaliisa, Mørch, et al., 2021). In both 
Analytics4Action and learning design, we specifically worked with a relatively 
small group of educators in the initial fi rst two years. This allowed us to test-and­
learn what works for them, learn and develop a better understanding of their needs, 
and also allow us to fine-tune our approach(es) afterwards when we went main­
stream. Another main advantage of starting small is that these educators became 
champions in their own disciplines/departments and were probably more able to 
sell the innovation than were the actual innovators (Kaliisa, Gillespie, et al., 2021). 

Fourthly, evidence-based research can gradually change perspectives and nar­
ratives in an organisation, and throughout both case studies, we continuously 
conducted scholarly research together with key stakeholders to understand what 
was working and what was not. By bringing educators and researchers together, we 
developed a rich, detailed understanding of why certain elements in an innovation 
were working, which afterwards helped new educators joining later to get more 
buy-in, as we could signpost evidence of a particular approach. 

Fifthly, our experience indicates that you quickly forget about the small/ 
medium/large successes you make in your innovation project and often fail to 
realise that you are making a real impact. It is extremely tempting to focus on 
bug fi xing, error chasing, and continuous tinkering of particular approaches, but 
it takes courage and insight to let an innovation run for some time and appreciate 
how much ground you have already covered. 



 
 
 
 

  
 

  
  

  
   

  
 

 
 

 
  

  
  

 
 

 
 

  
 

  
 

 
  

  
  
 

Implementing Learning Analytics at Scale in an Online World 73 

Finally, if there is one thing both case studies have in common, it is all about 
people. While both case studies have some substantial technical and technological 
elements, the key drivers for success and failure have nothing to do with the next 
algorithm or machine learning approach but how we work with people to make 
sense of what makes them tick. Therefore, any institution thinking about learning 
analytics is encouraged to bring different people together from a range of disci­
plines and perspectives. 

References 

Bodily, R., and Verbert, K. (2017). Review of research on student-facing learning analytics 
dashboards and educational recommender systems. IEEE Transactions on Learning 
Technologies, 10(4), 405–418. doi: 10.1109/TLT.2017.2740172 

Calvert, C. (2014). Developing a model and applications for probabilities of student success: 
a case study of predictive analytics. Open Learning: The Journal of Open, Distance and 
E-Learning, 29(2), 160–173. doi: 10.1080/02680513.2014.931805 

Clow, D. (2014). Data wranglers: Human interpreters to help close the feedback loop. 
Paper presented in the Proceedings of the Fourth International Conference on Learning 
Analytics and Knowledge, Indianapolis, Indiana. 

Conole, G. (2012). Designing for Learning in an Open World. Dordrecht: Springer. 
C rawford, J., Butler-Henderson, K., Rudolph, J., Malkawi, B., Glowatz, M., Burton, R., 

. . . Lam, S. (2020). COVID-19: 20 countries’ higher education intra-period digital 
pedagogy responses. Journal of Applied Learning & Teaching, 3(1), 1–20. 

Dawson, S., Poquet, O., Colvin, C., Rogers, T., Pardo, A., and Gasevic, D. (2018). 
Rethinking learning analytics adoption through complexity leadership theory. 
Paper presented in the Proceedings of the 8th International Conference on Learning 
Analytics and Knowledge, Sydney, New South Wales, Australia. 

Fan, Y., Saint, J., Singh, S., Jovanovic, J., and Gašević, D. (2021). A Learning Analytic 
Approach to Unveiling Self-Regulatory Processes in Learning Tactics. Paper presented 
at the LAK21: 11th International Learning Analytics and Knowledge Conference, 
Irvine, CA. doi: 10.1145/3448139.3448211 

Ferguson, R., and Clow, D. (2017). Where is the evidence? A call to action for learning 
analytics. Paper presented in the Proceedings of the 6th Learning Analytics Knowledge 
Conference, Vancouver. 

Ghe rheș, V., Simon, S., and Para, I. (2021). Analysing students’ reasons for keeping their 
webcams on or off during online classes. Sustainability, 13(6), 3203. doi: 10.3390/su1 
3063203 

Gonzalez, T., de la Rubia, M. A., Hincz, K. P., Comas-Lopez, M., Subirats, L., Fort, S., 
and Sacha, G. M. (2020). Influence of COVID-19 confinement on students’ per­
formance in higher education. PLOS One, 15(10), e0239490. doi: 10.1371/journal 
.pone.0239490 



 

 
 

 
 

 
  

  

  
 
 

  
  

   

   
 

 

 
  

 
 

  

  

  
 
 

 
 

 

74 Online Learning Analytics 

Greyling, L. E., Huntley, B., Reedy, K., and Rogaten, J. (2020). Improving distance learn­
ing mathematics modules in South Africa: A learning design perspective. South 
African Journal of Higher Education, 34(3), 89–111. 

Haras, C., Calhoun, A., Olson, A. P. J., and Rosenberg, M. (2021). Mindful medical edu­
cation online. Medical Science Educator. doi: 10.1007/s40670-021-01253-7 

Herodotou, C., Hlosta, M., Boroowa, A., Rienties, B., Zdrahal, Z., and Mangafa, C. (2019). 
Empowering online teachers through predictive learning analytics. British Journal of 
Educational Technology, 50(6), 3064–3079. doi: 10.1111/bjet.12853 

Herodotou, C., Naydenova, G., Boroowa, A., Gilmour, A., and Rienties, B. (2020). How 
can predictive learning analytics and motivational interventions increase student 
retention and enhance administrative support in distance education? Journal of 
Learning Analytics, 7(2), 72–83. doi: 10.18608/jla.2020.72.4 

Herodotou, C., Rienties, B., Hlosta, M., Boroowa, A., Mangafa, C., and Zdrahal, Z. 
(2020). The scalable implementation of predictive learning analytics at a distance 
learning university: Insights from a longitudinal case study. The Internet and Higher 
Education, 45, 100725. doi: 10.1016/j.iheduc.2020.100725 

Hidalgo, R., and Evans, G. (2020). Analytics for action: Assessing eff ectiveness and 
impact of data informed interventions on online modules. Revista Iberoamericana 
de Educación a Distancia, 23(2), 23. doi: 10.5944/ried.23.2.26450 

Hlosta,  M., Papathoma, T., and Herodotou, C. (2020). Explaining Errors in Predictions of 
At-Risk Students in Distance Learning Education, Cham. 

Ifenthaler, D., and Yau, J. Y.-K. (2020). Utilising learning analytics to support study suc­
cess in higher education: A systematic review. Educational Technology Research and 
Development. doi: 10.1007/s11423-020-09788-z 

Kaliisa , R., Gillespie, A., Herodotou, C., Kluge, A., and Rienties, B. (2021). Teachers’ perspec­
tives on the promises, needs and challenges of LA visualizations: Insights from a blended 
and distance learning institution. In: D. Ifenthaler and M. Sahin (Eds.), Visualizations 
and Dashboards for Learning Analytics. Cham: Springer International Publishing. 

Kaliisa, R., Mørch, A. I., and Kluge, A. (2021). ‘My point of departure for analytics is 
extreme skepticism’: Implications derived from an investigation of university teach­
ers’ learning analytics perspectives and design practices. Technology, Knowledge and 
Learning. doi: 10.1007/s10758-020-09488-w 

Kia, F. S., Hatala, M., Baker, R. S., and Teasley, S. D. (2021). Measuring Students’ Self-
Regulatory Phases in LMS with Behavior and Real-Time Self Report. Paper presented 
at the LAK21: 11th International Learning Analytics and Knowledge Conference, 
Irvine, CA. doi: 10.1145/3448139.3448164 

Knobbout, J., and van der Stappen, E. (2020). Where is the learning in learning analyt­
ics? A systematic literature review on the operationalization of learning-related 
constructs in the evaluation of learning analytics interventions. IEEE Transactions 
on Learning Technologies, 1–1. doi: 10.1109/TLT.2020.2999970 



 
  

  

 
 

   

  

  
 

  

  

 
 

  

  
 

 
  

 

  
  

  

Implementing Learning Analytics at Scale in an Online World 75 

Lucena,  F. J. H., Díaz, I. A., Reche, M. P. C., and Rodríguez, J. M. R. (2019). A tour of 
open universities through literature. The International Review of Research in Open and 
Distributed Learning, 20(4). doi: 10.19173/irrodl.v20i3.4079 

Mangaroska, K., and Giannakos, M. N. (2019). Learning analytics for learning design: 
A systematic literature review of analytics-driven design to enhance learning. IEEE 
Transactions on Learning Technologies, 12(4), 516–534. doi: 10.1109/TLT.2018 
.2868673 

Matz, R.,  Schulz, K., Hanley, E., Derry, H., Hayward, B., Koester, B., . . . McKay, 
T. (2021). Analyzing the Efficacy of ECoach in Supporting Gateway Course Suc­
cess Through Tailored Support. Paper presented at the LAK21: 11th International 
Learning Analytics and Knowledge Conference, Irvine, CA, USA. https://doi.org 
/10.1145/3448139.3448160 

McAndrew, P., Nadolski, R., and Little, A. (2005). Developing an approach for learning 
design players. Journal of Interactive Media in Education, 2005(1). doi: 10.5334/2005-14 

Mittelmeier, J., Long, D., Melis Cin, F., Reedy, K., Gunter, A., Raghuram, P., and Rienties, 
B. (2018). Learning design in diverse institutional and cultural contexts: Suggestions 
from a participatory workshop with higher education leaders in Africa. Open Learn­
ing, 33(3), 250–266. doi: 10.1080/02680513.2018.1486185

 Naffi  , N. (2020). Disruption in and by Centres for Teaching and Learning During the COVID­
19 Pandemic Leading the Future of Higher Ed. Quebec: Universite Laval. 

Neelen, M., and Kirschner, P. (2017). Where are the learning sciences in learning analytics 
research? Retrieved from https://3starlearningexperiences.wordpress.com/2017/10/17 
/where-are-the-learning-sciences-in-learning-analytics-research/ 

Neelen, M., and Kirschner, P. A. (2020). Evidence-Informed Learning Design: Creating 
Training to Improve Performance. London, UK: Kogan Page Publishers. 

Nguyen, Q., Rienties, B., Toetenel, L., Ferguson, F., and Whitelock, D. (2017). Examin­
ing the designs of computer-based assessment and its impact on student engagement, 
satisfaction, and pass rates. Computers in Human Behavior, 76(November 2017), 
703–714. doi: 10.1016/j.chb.2017.03.028 

Nguyen, Q., Thorne, S., and Rienties, B. (2018). How do students engage with computer-
based assessments: Impact of study breaks on intertemporal engagement and pass 
rates. Behaviormetrika, 45(2), 597–614. doi: 10.1007/s41237-018-0060-1 

Olney, T., Endean, M., and Banks, D. (2020). Evaluating the impact of the learning 
design and course creation (LDCC) workshop on the participants of the enhance­
ment of lifelong learning in Belarus (BELL) project. Paper presented in the Proceed­
ings of the Final Conference on the Erasmus+ Project. 

Olney, T., Li, C., and Luo, J. (2021). Enhancing the quality of open and distance learning 
in China through the identification and development of learning design skills and 
competencies. Asian Association of Open Universities Journal (ahead-of-print). doi: 
10.1108/AAOUJ-11-2020-0097 

https://www.doi.org/10.1145/3448139.3448160
https://www.3starlearningexperiences.wordpress.com
https://www.doi.org/10.1145/3448139.3448160
https://www.3starlearningexperiences.wordpress.com


 

 

  
 

 
 

   

  
 

  
 

 

  

  
   

 

  
 

 
 

    

  
 

   

  
 

 
 

  

76 Online Learning Analytics 

Open University UK. (2014). Ethical use of student data for learning analytics pol­
icy. Retrieved 23 June 2016, from http://www.open.ac.uk/students/charter 
/essential-documents/ethical-use-student-data-learning-analytics-policy 

Phillips, E. D. (2013). Improving advising using technology and data analytics. Change: 
The Magazine of Higher Learning, 45(1), 48–55. doi: 10.1080/00091383.2013.749151 

Rienties, B., Boroowa, A., Cross, S., Kubiak, C., Mayles, K., and Murphy, S. (2016). Ana­
lytics4Action evaluation framework: a review of evidence-based learning analytics 
interventions at Open University UK. Journal of Interactive Media in Education, 
1(2), 1–12. doi: 10.5334/jime.394 

Rienties, B., and Herodotou, C. (2021). Making sense of learning data. In: R. Sharpe, S. 
Bennett, and T. Varga-Atkins (Eds.), Handbook for Digital Higher Education. New 
York: Edward Elgar Publishing. 

Rienties, B., Herodotou, C., Olney, T., Schencks, M., and Boroowa, A. (2018). Making 
sense of learning analytics dashboards: A technology acceptance perspective of 95 
teachers. The International Review of Research in Open and Distributed Learning, 
19(5). doi: 10.19173/irrodl.v19i5.3493 

Rienties, B., Olney, T., Nichols, M., and Herodotou, C. (2020). Effective usage of learning 
analytics: What do practitioners want and where should distance learning institu­
tions be going? Open Learning, 35(2), 178–195. 

Rienties, B., and Toetenel, L. (2016). The impact of learning design on student behaviour, 
satisfaction and performance: A cross-institutional comparison across 151 modules. 
Computers in Human Behavior, 60, 333–341. doi: 10.1016/j.chb.2016.02.074 

Rizvi, S., Rienties, B., Kizilcec, R., and Rogaten, J. (2021). Culturally-adaptive learning 
design—A mixed-method study of cross-cultural learning design preferences in 
MOOCs. In: B. Rienties, R. Hampel, E. Scanlon, and D. Whitelock (Eds.), Open 
World Learning: Research, Innovation and the Challenges of High-Quality Education 
(in press). London: Routledge. 

Tait, A. (2018). Open universities: The next phase. Asian Association of Open Universities 
Journal, 13(1), 13–23. doi: 10.1108/AAOUJ-12-2017-0040 

Tempelaar, D. T., Nguyen, Q., and Rienties, B. (2020). Learning feedback based on 
dispositional learning analytics. In: M. Virvou, E. Alepis, G. Tsihrintzis, and L. 
Jain (Eds.), Machine Learning Paradigms. Intelligent Systems Reference Library, 158, 
69–89. Cham: Springer. 

Tempelaar, D. T., Rienties, B., and Giesbers, B. (2015). In search for the most informative 
data for feedback generation: Learning analytics in a data-rich context. Computers 
in Human Behavior, 47, 157–167. doi: 10.1016/j.chb.2014.05.038 

Toetenel, L., and Rienties, B. (2016a). Analysing 157 learning designs using learning ana­
lytic approaches as a means to evaluate the impact of pedagogical decision-making. 
British Journal of Educational Technology, 47(5), 981–992. doi: 10.1111/bjet.12423 

Toetenel, L., and Rienties, B. (2016b). Learning design—Creative design to visualise learning 
activities. Open Learning, 31(3), 233–244. doi: 10.1080/02680513.2016.1213626 

http://www.open.ac.uk
http://www.open.ac.uk


 

   
 

 
 

  
 

  

Implementing Learning Analytics at Scale in an Online World 77 

Van Ameijde, J. (2015). Jisc student workload tool. https://github.com/IET-OU/jisc 
-workload. Retrieved from https://github.com/IET-OU/jisc-workload 

Viberg, O., Hatakka, M., Bälter, O., and Mavroudi, A. (2018). The current landscape of 
learning analytics in higher education. Computers in Human Behavior, 89 (Decem­
ber 2018), 98–110. doi: 10.1016/j.chb.2018.07.027 

Wasson, B., and Kirschner, P. A. (2020). Learning design: European approaches. Tech-
Trends, 1–13. 

W olff, A., Zdrahal, Z., Herrmannova, D., Kuzilek, J., and Hlosta, M. (2014). Develop­
ing Predictive Models for Early Detection of At-Risk Students on Distance Learning 
Modules. Workshop: Machine Learning and Learning Analytics. Paper presented at 
Learning Analytics and Knowledge (2014), Indianapolis. 

https://www.github.com
https://www.github.com
https://www.github.com


https://taylorandfrancis.com


 
 

  

 
  

 

 

Chapter 5
 

Realising the Potential of 
Learning Analytics 

Refl ections from a Pandemic 

Mohammad Khalil,1 Paul Prinsloo,2 and Sharon Slade3 

Abstract 

This chapter presents a conceptual exploration of the potential of learning ana­
lytics to inform teaching and learning during extraordinary contextual events 
such as the recent and continuing impact of COVID-19. In reflecting on the 
potential of learning analytics to ameliorate teaching in the dark, we fi rst share 
some empirical evidence of how learning analytics has been considered and 
applied during the pandemic since it has started. We then consider the implica­
tions and potential of learning analytics in a time of pandemic, concluding with 
an initial list of recommendations. The value contribution of this chapter is 
mapping of the conceptual operations in need of consideration in realising the 
potential of learning analytics going forward during emergency movements to 
online learning. 

Keywords: Learning analytics, COVID-19, pandemic, privacy, technology, edu­
cation, digital learning, emergency 
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Introduction 

Educators may sometimes feel that they are teaching blind—not really know­
ing whether students understand key concepts, are making suffi  cient progress, 
or are needing additional support or stimulation. In residential (higher) educa­
tion, educators use observations, engagement with students, and formative and 
summative assessment to determine student progress and to identify students at 
risk or those needing extra support. In distance and online contexts, the experi­
ence of teaching ‘in the dark’ can be amplified, given a lack of physical cues 
and engagement. In online environments, educators must rely on their observa­
tions of student engagement patterns and on a range of other behavioural data 
to get a sense of student progress. Since the emergence of learning analytics in 
2011 (Joksimović, Kovanović, & Dawson, 2019; Siemens, 2013), the collection, 
analysis, and use of student data in support of learning has evolved into a mature 
research field and practice. Evidence suggests that learning analytics provides 
insight for instructional design (Macfadyen, Lockyer, & Rienties, 2020); impacts 
positively on student success and retention (Ifenthaler & Yau, 2020); increases 
teacher understanding of students’ work and cognitive load (Curum & Khedo, 
2021); and provides educators, student-support teams, and students with insights 
into progress and learning needs and with estimations of students’ probabilities 
of failing or attrition (Verbert, Ochoa, De Croon, Dourado, & De Laet, 2020). 

In response to the global pandemic, an estimated 1.5 billion students and count­
ing have been affected by the rapid, emergency move to online learning (Anderson, 
2020, par. 4). As education has moved to remote online modes of delivery, educators, 
administrators, and student-support teams have faced a sudden loss of direct con­
tact with students and have experimented with different ways to maintain contact 
and respond to students’ emotional, cognitive, and administrative needs. Th ere is 
a growing range of literature citing institutional responses to the pandemic and 
the resulting implications, such as the adoption of Intelligent Personal Assistants 
(IPAs) (Sáiz-Manzanares, Marticorena-Sánchez, & Ochoa-Orihuel, 2020); the 
integration of Artificial Intelligence (AI) and machine learning components into 
educational systems (Bañeres, Rodríguez, Guerrero-Roldán, Karadeniz, 2020; Choi 
& McClenen, 2020); the use of big data as a tool (Villegas-Ch, Roman-Cañizares, 
Jaramillo-Alcázar, & Palacios-Pacheco, 2020); the use of mobile apps and virtual 
case studies (Machado, Bonan, Perez, da Cruz, & Martelli Jr., 2020); and the use of 
asynchronous online discussion forums (Eryilmaz, Thoms, Ahmed, & Lee, 2021). 

As higher education has moved online, institutions have had access to more 
student data than ever. Where Learning Management Systems (LMSs) had once 
functioned primarily as digital repositories for resources, they now became indis­
pensable aspects of teaching and learning. “LMSs have taken on an enhanced 
infrastructural role, moving from a background position to being a dominant 
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medium through which institutions, staff, and students interact” (Williamson & 
Hogan, 2021, p. 28). In the process, LMS providers “built interoperable integra­
tions with third-party platform plug-ins to enable data mining at scale from the 
increasing participation of students in digitally-mediated education” (Williamson 
& Hogan, 2021, p. 28). Fonseca, García-Peñalvo, and Camba (2020) observe that 
“Educational data usability and accessibility is even more relevant in the context of 
the global pandemic” (p. 1). 

In reflecting on the potential of learning analytics to ameliorate teaching in 
the dark, we first share some empirical evidence of how learning analytics has 
been considered and applied during the pandemic in its first year or so. We then 
consider the implications and potential of learning analytics in a time of pandemic, 
concluding with an initial list of recommendations. 

Some Notes on the Nature of Conceptual Exploration 

This chapter presents a conceptual exploration of the potential of learning ana­
lytics to inform teaching and learning during extraordinary contextual events, 
such as the recent and continuing impact of COVID-19. We are cognisant 
of the suggestion made by Hirschheim (2008) that conceptual work should  

“emphasise assumptions, premises, axioms, assertions, etc.; and these need to 
be made as explicit as possible so they can be evaluated” (p. 435). According to 
Hirschheim, the essential components of conceptual papers are claims, grounds, 
and warrants. Claims are statements that authors want the reader to accept as 
true, while grounds are constituted by the methods and data authors use as evi­
dence to their claims. Warrants “are the assumptions or presuppositions underly­
ing the argument. They are often unstated or implied, and typically not debated” 
(p. 345). Whetten (1989) suggests that theoretical and conceptual papers should 

“challenge and extend existing knowledge, not simply . . . rewrite it. Th erefore, 
authors should push back the boundaries of our knowledge by providing com­
pelling and logical justifications for altered views” (p. 491). He points out that 
it is not the addition or listing of new variables that add value, but how those 
new variables change relationships in existing frameworks. He refers to Poincare 
(1983, in Whetten, 1989, p. 492), who notes that “Science is facts, just as houses 
are made of stone . . . But a pile of stones is not a house, and a collection of facts 
is not necessarily science.” 

Following Hirschheim (2008) and Whetten (1989), the following claims, grounds, 
and warrants are central to this chapter: 

• We claim that learning analytics has potential to be an essential tool for 
institutions, educators, and student-support teams during disruptive macro-
societal events. 
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• Th e grounds for this claim are based on empirical evidence that learning 
analytics has provided insights into student learning behaviours (albeit under 
normal circumstances). 

• Th e warrants of our claim are based around the assumption that as institu­
tions moved to Emergency Online Remote Teaching (EORT), they have had 
access to digital traces of student behaviour that could be used to support 
students and inform pedagogical strategies and which may also be used in 
future events. 

The next section explores evidence that has emerged regarding uses of learning 
analytics during the pandemic, and, with this as a basis, we discuss the implica­
tions and the (un)realised potential of learning analytics. The chapter concludes 
with tentative recommendations. 

Glimpses of Learning Analytics During the Pandemic 

Recent research from Prinsloo, Khalil, and Slade (2021) adopted a systematic 
review exploring citations of applications of learning analytics since the start 
of the pandemic. Perhaps surprisingly, only 18 articles were found to specifi ­
cally mention or address the potential and/or practice of learning analytics in 
this context. Prinsloo et al. (2021) suggest that, despite this apparent lack of 
reported research, we should not conclude that learning analytics or research 
into learning analytics has missed an opportunity to appropriately and ethi­
cally engage with student data at this time. It is likely that further fi ndings and 
more detailed analyses of the response of learning analytics to the pandemic 
will emerge over time. 

Flowing from their review, Prinsloo et al. (2021) identify the following domi­
nant themes: 

•	 Multimodal analytics. Research covering multimodal learning analytics 
has increased in recent years (Blikstein & Worsley, 2016). With a move away 
from fi xed, traditional places of learning, multimodal learning analytics was 
identified as having potential to overcome many of the issues facing educators 
and students operating at a distance, such as providing a flexible means to off er 
real-time feedback to students and to support and foster greater collaboration. 

• 	 Student perceptions and student privacy. Perhaps understandably, given 
the haste with which many institutions, educators, and students responded to 
the rapid move to online teaching and learning, issues around ethical uses of 
student data and privacy emerged as another key theme. For many, the need 
to adopt emergency approaches meant that there was little time to consider 
the wider implications of a significant increase in generated data trails. 
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•	 Adaptive  learning.  In the absence of time to translate learning materials  
created with classroom delivery in mind, adaptive learning emerged as one  
approach fl agged as potentially helpful in enabling the creation of customised  
resources and learning activities to address the unique needs of learners.  

• Artifi cial intelligence (AI), machine learning and predictive analytics.  
Th e potential, challenges, and implications of AI, machine learning and 
predictive analytics were key themes. AI off ers the potential to support a  
personalised, student-centred approach to learning, with big data facilitating  
improved engagement and reduced drop out. Learning analytics has sup­
ported understanding assessment, enriching views on learners’ motivation,  
and participation during the pandemic. 

•	  Student behaviour and engagement. Learning analytics has off ered  a 
unique opportunity to explore student engagement and behaviours, as well as  
their perceptions of engagement strategies during emergency online learning.  
Specifi c approaches, such as social network analysis, off er potential to better  
understand learners’ paths during the pandemic. Additionally, the ability to  
self-regulate learning is key in the light of a rapid transition to online learn­
ing—learning analytics was identifi ed as one means to support eff ective  
self-regulated learning. 

• Data  literacy.  Data literacy has always been a key component for eff ective  
applications of learning analytics. In the context of the increased collection,  
analysis, and use of data during the pandemic, data literacy becomes even  
more vital. Th e concept of “pandemic pedagogies” (Barbour et al., 2020)  
comes to the fore, as educators scrambled to make sense of unfamiliar condi­
tions. Concerns exist around the ways that educators have sought to make  
sense of student data whilst lacking suffi  cient data literacy skills and in the  
broader datafi cation of education resulting from the adoption of third-party  
technologies.  

• Teacher development. Although data literacy is fl agged as a possible short­
coming of moves to online teaching; there was also recognition of the poten­
tial of learning analytics to facilitate improved teacher performance—for  
example, by enabling comparisons of teacher performance and through the  
adoption of smart learning environments. 

Since this study (Prinsloo et al., 2021), a number of later articles focusing on  
learning analytics during the pandemic have emerged, such as Zhang, Taub, and  
Chen (2020), Xu and Wilson (2021), Wood-Harper (2021), as well as Hilliger,  
Miranda, Schuit, Duarte, Anselmo, and Parra (2021). Th ough it falls outside  
the scope of this chapter to provide an overview of all of the relevant published  
research, we have sought to include references to several recent publications in the  
following discussion.  
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Implications and (Un)Realised Potential 
of Learning Analytics 

We mentioned earlier that the move to teaching and learning in online environ­
ments during the pandemic had caused educators, administrators, and student 
support to feel the loss of direct student contact, with the result that they were 
‘teaching in the dark’. This may appear to contradict the notion that the move 
of teaching and learning to online yielded access to a greater quantity, variety, 
granularity, and velocity of behavioural data than before. However, there has 
emerged a greater understanding of the digital divide, with many students and 
staff not having regular, sustainable, and affordable access to the internet as 
might have been assumed before the pandemic (Czerniewicz et al., 2020). Th e 
assumption that educators have had access to more student data than before  
does not perhaps reflect reality. Even if we assume an increase in the availability 
of student data, many institutions did not have the data infrastructures, data 
expertise, as well as policies and processes to optimise the analysis of that data. 

Prinsloo, Khalil, and Slade (2021) also posit that during the pandemic, some 
students and educators opted for alternative ways of communications outside of 
the institutional LMS—for example, by using  WhatsApp®, Telegram®, or Signal™, 
as well as Zoom®, Google® Hangouts, and a variety of other social media. Educators 
also looked for different software and apps to facilitate teaching and learning, and 
many of these were not linked to the institutional LMS. Most learning analytics 
approaches rely on a combination of institutional registration and administrative 
systems in combination with data from the LMS to analyse and use student data 
(Khalil, 2018). As learning has moved outside of the LMS, the potential for learn­
ing analytics to provide insights into student progress, needs, potential, and risk 
may have been impacted. 

Brown (2021) claims that COVID-19 has upended “data analytics practices, 
side lining predictive analytics, and driving firms to external data and other 
economic indicators”. While predictive analytics has dominated evidence-based 
research in recent years, the pandemic led to many companies moving instead 
toward descriptive analytics and pausing machine learning initiatives, “taking the 
time to figure out what information is still relevant”. There have also been organ­
isational moves to consider external data as indicators, offering insight on how 
COVID might impact. As such, the role of data has not changed, but the value of 
past data and external data has been revaluated. 

The themes identified by Prinsloo, Khalil, and Slade (2021), make clear how 
crucial learning analytics can be to institutions, instructional teams, and students 
in order to adapt in extraordinary circumstances. As artificial intelligence (AI) 
and machine learning depend on the availability of data to operationalise adaptive 
teaching and learning as well as predictive analytics, the changing behaviours of 



 
 
 
 
 

 
  

 
 
 
 
 
 

 

    
 

Realising the Potential of Learning Analytics 85 

Figure 5.1 Distributed Learning in a Time of Pandemics 

both students and educators during the pandemic and the resulting data trails have 
important implications. How learning analytics responds to these changes, the 
quantity, variety, granularity, and velocity of data and the integration of diff erent 
social media into the learning platform remains to be seen. Figure 5.1 illustrates 
how teaching and learning became increasingly unbundled as a result of faculty 
and students adopting a range of tools to communicate during the pandemic. 

While the figure above illustrates how teaching and learning became, in a sense, 
disaggregated during the pandemic, this was not the only change. We should also 
consider changes in assessment strategies, pedagogy, and student support, as well 
as the disruption to students’ reliance on campus-based support and resources. A 
more pertinent question for this chapter is to consider the implications for learning 
analytics during (and following) a pandemic. In the following section, we consider 
mapping a number of distinctive, but interrelated, concepts and operations as 
enabling conditions for the potential of learning analytics to be fully realised. 

Conceptual Operations 

The pandemic has not only affirmed the importance and potential of learning 
analytics but also provided pointers for realising its potential. In this section, 
we discuss six interrelated and often overlapping conceptual operations that 
we believe provide the enabling conditions for reconsidering learning analytics. 
Figure 5.2 provides an overview. 
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Figure 5.2 Lessons from a Pandemic: Six Conceptual Operations for Realising the 
Potential of Learning Analytics 

It is crucial to reiterate that the six conceptual operations should be read as inter­
linked and interdependent. For example, one cannot talk about student behaviour 
and engagement without also considering multimodal learning analytics and 
student privacy. 

• 	 Student behaviour and engagement. Learning analytics can help in exam­
ining student behaviour in the times when extraordinary events such as 
COVID-19 signifi cantly affect education as a system, from administration 
to student support, finances, ICT, teaching, and learning. There has not 
been an event affecting education on such a global level for many decades. 
The pandemic has not only raised the importance of self-regulated learning 
and engagement but also reiterated the need to look afresh at the data we 
have access to and at our assumptions about those data and what such data 
can tell us about student behaviour and engagement during extraordinary 
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times. A providential example is the study by Zhang, Taub, and Chen (2021).  
Th is sought to measure the impact of COVID-19 on student engagement  
and self-regulated learning processes by analysing log data and fl agging  
issues appearing to aff ect student planning and progress in completing their  
studies. Learning analytics has a clear role to play in informing a variety of  
stake holders (including but not limited to students, teachers, and higher 
management) about the impact of disruptive events such as the pandemic.  
It can provide useful overviews of evolving trends of learning behaviour and  
facilitate timely and eff ective interventions. In the example of Zhang et al.  
(2021), the observations and the analyses of clickstream data provided an  
excellent mapping of the rate of student attempts, identifying those falling  
behind and guessing, and yielded to a view of how students responded with  
changing strategies during the pandemic. 

• Multimodal. As the move to EORT and the resulting ‘unbundling’ of  
teaching and learning during the pandemic has shown (refer to Figure 5.1),  
it became more diffi  cult to use visual, auditory, and kinaesthetic sensors (i.e.,  
multimodal) away from local settings and in remote learning setups. Th e 
pandemic has raised important questions pertaining to multimodal learning  
analytics as students and teachers have moved to more disaggregated learning  
spaces, both formal and informal, outside of the ‘normal’ catchment data col­
lection networks traditionally associated with multimodal learning analytics.  
An example of the reconfi guration of multimodal learning analytics is research  
from Cornide-Reyes et al., (2020) who  developed a multimodal learning  
analytics platform for remote learning situations. Th eir real-time feedback  
platform captures, stores, analyses, and visualizes spoken intera ctions between 
individuals participating in remote group activities. Th is is one example of  
how the pandemic has accelerated the operationalisation of new features such  
as hybrid models of web and  mobile data sources. Earlier work by Antoniadou  
(2017) has explored applications of multimodality which “may include image,  
sound, music, gestures, posture, even the use of space, which is nowadays vir­
tual or blended. Meaning is multimodal, conveyed by image, text, interaction,  
sound, and music in unique and complementary ways, each adding a particu­
lar value to the whole; this added value cannot be deduced or obtained from  
any of the other modalities” (p. 436). Th rough a mixture of auditory input,  
dashboards, and log fi les, multimodal learning analytics off ers  opportunities 
to review and recommend expanding the use of technologies to support aca­
demic activities during periods of disruptive change. 

• 	 AI, machine learning, predictive analytics, as well as adaptive learn­
ing. How can AI, machine learning, and adaptive learning within the  
context of learning analytics help in a time of  pandemic? As stated previ­
ously, institutions have had access to a greater range of data from a broader  
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range of sources. While few may have doubted the potential of AI, machine 
learning, and predictive analytics prior to the pandemic, authors such as 
Brown (2021) alert us to the ways in which the pandemic has changed the 
data and data analytics landscape. A greater focus on understanding broader 
societal changes external to the organisation and how these might impact 
on performance has emerged. Data professionals are increasingly acting like 
‘epidemiologists’ and trying to make sense of what might happen by employ­
ing current data and external indicators. Brown (2021) suggests that the 
nature and role of data analytics have changed as a result of the pandemic. 
We should then consider any parallel impact on learning analytics, given 
the move to EORT. Villegas-ch et al. (2020) state that “face-to-face models 
went virtual . . . the change was so abrupt that both resources and learning 
activities designed in a face-to-face education model were not adjusted to the 
new needs of the students” (p. 2). We do not doubt that computer and data-
driven (e.g., AI, machine learning) methods will continue to operationalise 
adaptive learning to more fully deliver student-centred learning but wonder 
whether there will be a renewed appreciation of descriptive analytics. Brown 
(2021) warns of the risks of using existing machine learning models, despite 
the preponderance of student data as a result of learning and teaching online. 
A relatively sudden change in data (type, quantity, etc.) may decay the perfor­
mance of predictive models built on AI and machine learning models. Th is 
is known as ‘concept drift’ (Xu & Wilson, 2021), whereby “the problem that 
how and whether data is collected and how it relates to outcomes changes 
over time” (p. 505). The pandemic has led to major disruptions, refashioning 
educational data collection, which in turn has altered the quality and poten­
tially the meaning of education data gathered. In this context, the call for 
action is to re-examine whether current AI and machine learning modules 
function similarly post-pandemic to the pre-pandemic era. Xu and Wilson 
(2021) suggest the inclusion of a socio-political dimension. 

• Teacher development. In the context of the Prinsloo et al. (2021) systematic 
review, teacher development refers to the potential of analytics to fl ag areas 
for teacher training, rather than to the development of analytics skills for 
teachers (partially covered under data literacy, below). Although some feel 
that evaluating teaching performance is key to improving teaching quality 
(see, for example, Chena, Hsieha, & Do, 2015), it is fair to say that the use 
of analytics to assess teacher performance remains complex and contentious. 
At the institutional level, any such measure must be defensible as a “specifi c 
quantitative or qualitative representation of a capacity, process or outcome 
deemed relevant to the assessment of performance” (Molefe, 2010). Amongst 
the complexities associated with the use of teacher analytics, Dean (2014) 
suggests the need for context to be considered (different subject areas, levels 
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of student experience, etc. may all impact on outcomes or instructor percep­
tions) and for any data-driven performance snapshots to be both valid and 
complete—that is, not skewed by a minority of very negative or positive 
results. This is not to say that teacher analytics do not or should not have a 
role, but that any system must be first agreed with recognised teaching rep­
resentatives as fair and representative for a particular role and context (taking 
account of, for example, other institutional responsibilities). Performance 
analytics should be robust in that they are driven by statistically signifi cant 
datasets and interpreted correctly, should be transparent and meaningful to 
both teacher and institution, and available to students only if formally agreed. 
In the context of short-term, rapid changes to teaching practices brought 
about by the pandemic, it will be particularly challenging to ensure that 
standards for analytics intended to drive improvements in teaching are well 
considered before implementation. 

• Student privacy. Issues around privacy have long been part of the conversa­
tion around ethical uses of student data for learning analytics (e.g., Slade and 
Prinsloo, 2013; Khalil & Ebner, 2016). However, the rapid move to online 
learning has perhaps exacerbated privacy issues. In the haste to adapt tradi­
tional teaching to an online setting, many institutions will undoubtedly have 
opted for technologies which promote availability and ease of use and, at the 
same time, minimise cost, rather than selecting products or platforms with 
clear privacy protections in mind (Duball, 2020). Whilst educational insti­
tutions will have internal data-protection policies in place, the use of third-
party technologies opens the door to the additional collection and potential 
use of students’ personal information. In certain cases—for example, for 
school age learners—such uses may contravene laws, such as the US Family 
Educational Rights and Privacy Act. Certainly within the US, many educa­
tion technology providers are built around their capacity to monetise student 
data and to extend the surveillance of students’ learning experiences before, 
throughout, and after higher education. 

For those institutions adopting external products, the impacts of any loos­
ening of privacy principles may only reveal themselves long after the event. 
For others, there may yet be time to more fully assess the appropriateness of 
external technologies. Whilst the onus is on the institution to ensure con­
tinued protections of student data, technology companies should also take 
some responsibility when interacting with the education sector, particularly 
where that involves school-age learners. In such cases, privacy policies should 
be made more transparent, with potential risks highlighted (Duball, 2020). 

• Data literacy. While understanding data—its collection, analysis, and use— 
has always been thought to be the purview of data analysts, researchers, and 
departments of institutional research, there is recognition that a broader range 
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of stakeholders, including students, faculty, and student-support staff needs to 
be data literate (Raffaghelli & Stewart, 2020). With an increasing use of stu­
dent and instructor-facing dashboards, data literacy is no longer a luxury but an 
essential component of learning analytics (Ifenthaler, Gibson, Prasse, Shimada, 
& Yamada, 2020; Verbert, Ochoa, De Croon, Dourado, & De Laet, 2020). 
There is a need to connect the dots in making sense not only of data but also 
of its analysis and application, and this is as important for students and faculty 
as it is for researchers and data analysts (Tsai, Kovanović, & Gašević, 2021). 
Indeed, it is part and parcel of responsible learning analytics (Jaakonmäki, vom 
Brocke, Dietze, Drachsler, Fortenbacher, Helbig, . . . & Yun, 2020). 

The pandemic has destabilised many of our assumptions about data categories— 
for example, understanding patterns of login data during these extraordinary times, 
when pedagogies and student behaviours have changed and when concerns about 
the increasing surveillance of students have reached all-time highs (Chin, 2021; 
Doffman, 2020). It is to be expected that our pre-pandemic understanding of data 
literacy will be an evolving issue. 

Conclusions 

In this chapter, we worked from an assumption that the COVID-19 pandemic 
created an opportunity to interrogate assumptions around student data and spe­
cifically learning analytics as a basis for (re)considering its potential. As the pan­
demic unfolded and disrupted education on a global scale, many educators have 
felt that they were teaching in the dark, not knowing whether or how students 
were engaging and coping. To compound matters, the pandemic unbundled the 
primary role of the institutional LMS as teachers and students adopted apps and 
tools outside of the LMS. Where once the LMS had facilitated the collection of 
student learning and behavioural data as a feed for machine learning and AI, the 
feed was disrupted. This has impacted on the capacity of many institutions to 
predict student behaviour and provide personalised feedback, weakening what 
we know about how students learn and engage during extraordinary events or 
major changes, scaling back the usefulness of predictive analytics and machine 
learning (e.g., Brown, 2021). 

This chapter has taken a broad look at how learning analytics was used during 
the pandemic, using a range of published papers. As a conceptual paper, we have 
employed Hirschheim’s (2008) claims, grounds, and warrants. We had claimed that 
learning analytics is an essential tool for institutions, educators, and student-support 
teams during pandemics or disruptive macro-societal events. The grounds for this 
were based on historical empirical evidence that learning analytics has provided 
insights into the learning behaviour of students (albeit under normal circumstances). 
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The warrant for our claim was that institutions moving to Emergency Online 
Remote Teaching (EORT) had resulted in increased digitalisation of teaching and 
learning, which was then datafied on a scale previously unheard of. Educators and 
institutions had access to digital traces of student behaviour that could be used to 
support students and inform pedagogical strategies and which might also be used 
in future events. However, as learning during COVID became unbundled (as illus­
trated in Figure 5.1), a number of assumptions informing learning analytics also 
evolved, such as the nature and sources of data, the potential of AI and predictive 
analytics, and concerns about student privacy, to mention but a few. The value con­
tribution of this chapter is in our tentative mapping of the conceptual operations in 
need of consideration in realising the potential of learning analytics going forward. 
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Chapter 6
 

Using Learning Analytics 
and Instructional Design 
to Inform, Find, and Scale 
Quality Online Learning 

John Fritz, Mariann Hawken, and Sarah Shin1 

Abstract 

How do we improve the perception and experience of online learning? In this 
chapter, we use the COVID-19 pandemic teaching experience of the University 
of Maryland, Baltimore County (UMBC), as a case study in how institutions 
might leverage learning analytics and instructional design to inform, fi nd, and 
scale the quality of the online learning experience and outcomes for both faculty 
and students. To do so, we offer a selected review of the research and practice 
about online learning quality generally (albeit before its largest implementation 
to date), followed by UMBC’s thought leadership in learning analytics, which 
has helped create a foundation and culture of assessment. Then, using our Plan­
ning Instructional Variety in Online Teaching (PIVOT) initiative as a response 
to the pandemic, we focus especially on outcomes assessment baked into the 
planning process to show the impact faculty training can have on the perception 
and reality of online learning quality. However, to bring about lasting change 

1 University of Maryland, Baltimore County (UMBC) 
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beyond an immediate crisis, we also need to change the culture. We need to win 
the hearts and minds of faculty by clearly showing the benefits of quality design 
and delivery of online education. 

Keywords: Learning analytics, instructional design, quality online learning, impact, 
pedagogical innovation 

Introduction 

During a recent panel presentation at an online learning leadership conference, 
moderator Tom Cavanagh, who is Vice Provost for Digital Learning at the Uni­
versity of Central Florida (UCF), asked a simple but profound question: “What 
are we going to do when the backlash against online instruction occurs after the 
pandemic?” (2021). 

Cavanagh’s question hits a nerve for several reasons. First, it is somewhat surpris­
ing coming from a leader at UCF, considered by many to be one of the largest and 
most experienced institutions to effectively use online learning for student success. 
Cavanagh’s UCF colleagues, Kelvin Thompson and Patsy Moskal, even attempted 
to manage expectations early in the coronavirus pandemic by arguing that a rapid 
move to widespread remote instruction was not the same as intentionally designed 
online learning (2020). But if UCF can expect a backlash about online learning, 
chances are that most institutions should do so as well. 

Second, Cavanagh’s question speaks to a perception that may be widespread 
among many institutions: the pandemic caught higher ed by surprise, leaving fac­
ulty and students little time to prepare for or adjust to virtual instruction—indeed 
virtual institutions, too. As such, was this a mass improvement—by scaling—of 
online learning quality or a mass demonstration of the status quo when the Covid 
meteor hit? While higher ed’s massive pandemic pivot to online learning rivals 
what the most ardent MOOC proponents could ever have hoped for, a new back­
lash could make it even harder to win long-term institutional investment in online 
learning as a strategic priority, as EDUCAUSE recently reported (McCormack, 
2021). You can just hear it now, with accompanying eye rolls: “Oh, we tried online 
learning during the pandemic. It didn’t work.” 

Finally, was the massive scale of online learning only “temporarily strategic,” to 
get through a global health crisis? Or did something happen that will fundamen­
tally transform teaching and learning going forward? Only time will tell, but given 
predictions about a looming “demographic cliff” projecting a dramatic decline in 
the number of traditional 18- to 22-year-old, college-aged students (Hoover, 2020), 
the pandemic pivot to online learning could be a rehearsal for more fl exible forms 
of learning that will appeal to—and be required by—a wider group of adult degree 
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seekers. At UMBC, we have even seen that play out through our Finish Line2 near 
completer re-engagement initiative made possible by our new-found supply of 
online courses (Rous et al., 2021). 

In this chapter, we wish to use the pandemic teaching experience of the Univer­
sity of Maryland, Baltimore County (UMBC) as a case study in how institutions 
might leverage instructional design and learning analytics to inform, assess, and 
scale quality of the online learning experience and outcomes for both faculty and 
students. To do so, we’ll first provide a brief, selected review of the research and 
practice about online learning quality generally (albeit before the largest implemen­
tation to date), followed by UMBC’s thought leadership in learning analytics that 
has helped create a foundation and culture of assessment. Then, using our Plan­
ning Instructional Variety in Online Teaching (PIVOT) initiative,3 we’ll focus 
especially on outcomes assessment baked into the planning process so we could 
report on the impact that faculty training can have on the perception and reality 
of online learning quality—even during a pandemic. 

Selected Research and Practice About 
Online Learning Quality 

Even before the pandemic, there has been an extensive body of research and 
practice exploring (and debating) the quality of online learning, especially com­
pared to traditional, face-to-face (F2F) learning.4 A few key themes are worth 
summarizing to help frame our discussion of post-pandemic online learning 
quality generally and the UMBC case study specifi cally. 

First, QualityMatters™ (QM)5 is one of the most highly respected, research­
based6 standards organizations for supporting and promoting quality in online 

2 https://undergraduate.umbc.edu/fi nishline/
 
3 http://pivot.umbc.edu
 
4 A good example is the No Signifi cant Difference database (https://detaresearch.org/
 

research-support/no-signifi cant-diff erence) “first established in 2004 as a companion 
piece to Thomas L. Russell's book, The No Signifi cant Difference Phenomenon (2001, 
IDECC, fifth edition), a fully indexed, comprehensive research bibliography of 355 
research reports, summaries, and papers that document no significant diff erences 
(NSD) in student outcomes between alternate modes of education delivery. Redesigned 
in 2010 and provided as a service of WCET, (WICHE Cooperative for Educational 
Technologies), a division of the Western Interstate Commission for Higher Education, 
the database was designed to expand the offerings from the book by providing access to 
appropriate studies published or discovered after its publication.” 

5 http://www.qualitymatters.org/ 
6 https://www.qualitymatters.org/research 

https://www.undergraduate.umbc.edu
http://www.pivot.umbc.edu
https://www.detaresearch.org
https://www.detaresearch.org
http://www.qualitymatters.org
http://www.qualitymatters.org
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and hybrid course design. QM is subscription funded, but it actually began as 
MarylandOnline through a grant from the U.S. Department of Education’s Fund 
for the Improvement of Postsecondary Education (FIPSE). UMBC has had an 
institutional license for years, and QM informed a 2014 redesign of our Alternate 
Delivery Program (ADP),7 which was the basis for our PIVOT program during 
the coronavirus pandemic. 

Currently used by more than 40,000 educators throughout the world (Adair 
& Shattuck, 2015), QM offers peer review of online and hybrid courses using 
its rubric.8 Currently in its sixth edition, the rubric is available for higher educa­
tion, K–12, and continuing/professional education. A central theme in the QM 
rubric and course review process is ensuring alignment where assessments, learner 
engagement, instructional materials, and course tools reinforce and support the 
course and unit-level learning objectives. As such, QM standards inform course 
design and not course delivery, which can also be less threatening when initially 
introducing a rubric of “quality standards” to faculty. 

Second, in 2019, the e-Literate blog known for touting “what we’re learning 
online about online learning” published an extensive, three-part review of seven 
rubrics (including QM) about online learning quality.9 In Part 1, the series author, 
Kevin Kelly, states that, “Currently, the primary method to scale online course 
quality is through the use of rubrics that inform online course (re)design.” In 
Part 2, Kelly specifically references the Quality Matters Research Library,10 which 

“can be searched by standard or keyword and a set of Curated Resources”11: 

Of these 25 curated studies, four studies . . . look at the end results, or to what extent 
redesigning a course based on the rubric affects students completing and/or passing a 
course. An equal number of studies investigate . . . changes in faculty behavior as a 
result of training and exposure to the rubric. 

In Part 3 of the e-Literate series, Kelly critiques most online rubrics (including 
QM’s) for not including student engagement or interaction data as part of the 
calculus for determining online learning quality. In other words, most rubrics look 
at the quality of an online or hybrid course design (before students ever see or par­
ticipate in the course). But what happens if faculty design or intent does not match 
or satisfy the student expectations or experience? The result could be a mismatch in 
perceived vs. actual experience of online learning quality. As Kelly notes: 

7 https://doit.umbc.edu/itnm/adp/ 
8 https://www.qualitymatters.org/rubric 
9 https://eliterate.us/online-course-design-rubrics-part-1-what-are-they 
10 https://www.qmprogram.org/qmresources/research/ 
11 https://www.qualitymatters.org/research/curated-research-resources 

https://www.doit.umbc.edu
https://www.qualitymatters.org
https://www.eliterate.us
https://www.qmprogram.org
https://www.qualitymatters.org
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If both the research literature and the accreditation bodies state that inter action, 
community, and the like are critical to online student persistence and success, then 
the online course design rubric providers should provide more criteria for and 
guidance about reviewing faculty-student and student-student interaction after 
the course has begun. 

The continuous improvement process fostered by QM, however, supports addi­
tional reflection on both course design and instruction, encouraging faculty and 
institutions to explore and define what quality means to online learning (Martin 
et al., 2019). Additional metrics often leveraged to describe or identify quality in 
online learning include, but are not limited to, course evaluations and faculty peer 
feedback. Since many quality assurance rubrics do not assess delivery, including 
QM, extensive engagement indicators may also be useful for identifying quality 
(Southard & Mooney, 2015). Multidimensional checklists and engagement frame­
works may encourage faculty and students to assess planned and actual engage­
ment level as well as evidence of active learning (Bigatel & Edel-Malizia, 2018); 
however, these require frequent monitoring and reflection that may not be feasible 
with certain types of online courses. 

Here is why combining instructional design with learning analytics may help 
by marrying course design (or intent) with user experience data and outcomes. In 
the section that follows, we’ll fi rst define learning analytics and then summarize 
how it has been applied to both student success interventions and faculty course 
design at UMBC. As we shall see, much of the infrastructure for evaluating the 
impact of UMBC’s pandemic-related faculty training initiative was already in 
place beforehand, which is why we were able to quickly leverage it to roll out and 
assess the PIVOT program. 

Learning Analytics in Higher Ed and at UMBC 

Learning analytics (LA) is frequently defined as “the collection and analysis of 
usage data associated with student learning,” the purpose of which is “to observe 
and understand learning behaviors in order to enable appropriate interventions” 
(Brown, 2011). Given the specifi c focus on interventions, not just analysis, learn­
ing analytics—like analytics or “business intelligence” generally—has also 
become known as “actionable intelligence.” This is important because, while 
final grades in prerequisite courses are necessary for degree progression, they 
occur too late in the semester for actionable interventions that might help stu­
dents while taking the course. 

Accordingly, LA is often associated with students’ use of digital tools such as the 
campus learning management system (LMS), the most widely used instructional 
technology in higher education, precisely because it may be possible to infer students’ 
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time, attention, eff ort, and even engagement earlier in a term. While grade point  
average (GPA) and course credits support a perspective of student success across  
terms—in order to complete graduation requirements—learning analytics typically  
tries to look at student engagement  during a term, preferably as early as possible, when  
there may be more time to change a student’s projected trajectory and outcome. 

However, this is also important: student usage data in an IT system is not the  
same as student learning itself, which has led some researchers understandably to  
distinguish between “learner analytics” and “learning analytics” (Bishop, 2017).  
As such, it’s best to look at students’ “digital footprints” in campus IT systems as a  
proxy for engagement, which might be correlated with academic performance such  
as fi nal grades and GPA. Many social science studies use proxies to operationalize  
concepts that may be inherently diffi  cult to measure (e.g., social capital, standard  
of living, belonging, resilience, etc.), and LA is no diff erent. 

For well over a decade, UMBC has been a thought-leading institution in higher  
education’s maturing use of learning analytics.12 For example, consider the follow­
ing, which we have observed as an institution through the use of LA: 

•	  Since 2008, students earning a D or F typically use our Blackboard (Bb)  
LMS 40% less than peers earning higher grades. At the time, usage or activ­
ity simply meant “hits and clicks”—  recorded when they log into Bb, access a  
course, click on content, post in a discussion board, or submit an assignment  
(Fritz, 2011). 

• 	 While we have developed a student-facing dashboard called Check My Activ­
ity (CMA)13 to help raise student awareness and nudge help-seeking behavior  
(Fritz, 2017), given the relationship between student LMS activity and course  
outcomes, we and others also began looking at how faculty use an LMS 
course to express their pedagogy and course design (Campbell, 2007; Daw­
son et al., 2008; Fritz, 2011; Fritz & Whitmer, 2017; Macfadyen & Dawson,  
2012; Whitmer, 2012). 

• 	 In fact, it is now commonly accepted that there are three main ways faculty  
use an LMS, and typically in order of wide-spread use: (1) user and document  
management, (2) interaction and communication, and (3) online assessments.  
Ironically, the latter, especially auto-graded quizzes, exams, and assignments  
that an LMS is purpose-built to provide, typically generate far more student  
LMS activity than simply posting content such as the syllabus, presentations,  
or readings, yet fewer numbers of faculty actually do this (Fritz, 2019). 

• 	 Also, based on a study by Blackboard (Whitmer et al., 2016), we’ve recently  
learned that the “strength of relationship” between student LMS usage and  
fi nal course grades across our Fall ’19, Spring ’20, and Fall ’20 terms was  

12 For more information, see doit.umbc.edu/analytics/publications 
13  For a brief demo, see https://youtu.be/rpU1GdvS_yc 

https://www.youtu.be
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highly correlated with fi ve LMS course design “archetypes” established by  
Blackboard—based on analysis of more than 3,374,462 unique students,  
in 70,000 courses, from 927 institutions, hosted by Blackboard in North  
America in Spring 2016—ranging from “supplemental” to “holistic” courses  
(described below): 
o 	Supplemental (content-heavy, low interaction) 
o 	Complementary (one-way communication via content, announcements, and  

gradebook) 
o 	Social (high peer-to-peer interaction through discussion board) 
o 	Evaluative (heavy use of assessments) 
o 	Holistic (high LMS activity, balanced use of assessments, content, and 

discussion). 
• Specifi cally, we sorted all courses by “fi t” (e.g., how well or poorly a course’s  

activity correlates to fi nal grade). Essentially, this is the slope of a line (covari­
ance divided by variance of independent variables) from fi nal grades of A to  
B to C to D to F. If the slope is zero, there’s little to no diff erence in student  
LMS activity by grade. If the slope is large, then As are more active than Bs,  
which are more active than Cs, and so on (Fritz et al., forthcoming14). 

•	  Finally, we recognize that some may have concerns about using “big data”  
to monitor students, let alone serve as the basis of nudges and interventions.  
However, in addition to acting on what we think we know or observe about  
our students, we take John Campbell’s classic LA question to heart: “What  
is an institution’s ethical obligation of knowing?” (Fritz & Whitmer, 2020). 

With this LA experience in mind, let us now turn to how UMBC spent its  
pandemic, with a particular focus on assessing the impact of faculty training on  
student perceptions of online learning quality, course evaluations, and even faculty  
willingness to consider non-traditional alternatives to traditional (F2F) teaching  
after the pandemic ends. 

UMBC’s Pandemic PIVOT 

Many faculty already know how to use available instructional technology tools 
to supplement most forms of classroom teaching. But planning and teaching  
courses entirely online requires technical training and integration of the tools 
into pedagogy, which takes time (Ward & Benson, 2010). 

Fortunately, as mentioned above, we were able to build on prior experience from  
our Alternate Delivery Program (ADP), fi rst  off ered in 2006 as a collaboration  

14  Anticipated publication is August 2021; preview of fi nal draft is available at https:// 
umbc.box.com/blrpch5vol3preview 

https://www.umbc.box.com
https://www.umbc.box.com
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between our Division of Information Technology (DoIT) and Division of Profes­
sional Studies (DPS). During the 14 years of its existence, nearly 90 faculty have 
participated in the ADP and were provided financial, technical, and pedagogical 
support as they developed hybrid and online courses for Winter/Summer delivery. 
Effective practices and peer feedback were critical components of ADP with the 
introduction of Quality Matters standards for course design into the program’s 
curriculum revision in 2014. 

Theory and Practice 

Like the ADP, our PIVOT initiative was grounded in the evidence-based prin­
ciples for how people learn and shares many of the best practices of teaching in 
face-to-face classrooms (Chickering & Gamson, 1987) but leverages those prin­
ciples and adapts the practices to the online environment (Dayton & Vaughn, 
2007; Rienties et al., 2013). Providing faculty with opportunities to work in 
an online environment from the student perspective was also a critical compo­
nent, especially if they did not have prior online teaching experience (Benson 
& Ward, 2013). Quality Matters informed much of PIVOT’s conception and 
delivery, both to effectively demonstrate key design principles in practice and to 
emphasize value to student success. We knew that faculty engagement in plan­
ning and delivering this important training was critical to forming peer rela­
tionships (Bain, 2004), adopting new technologies (Rogers, 1976), and building 
long-term networks for reducing the isolation associated with teaching online 
(Covington et al., 2005; Shapiro, 2006). 

The formal PIVOT program was delivered in multiple pathways to support 
faculty schedules and preferred training formats. PIVOT Live was a synchronous 
model consisting of five webinars over five days; the first prototypes were off ered 
before the Spring 2020 semester ended. This option was ideal for participants who 
had some experience with course development and online instruction. PIVOT 
topics were selected to focus on helping instructors achieve competency in areas 
related to pedagogy, course design, and development, as well as technical and 
administrative skills. 

Offered after the Spring semester concluded, a more rigorous, two-week 
PIVOT+ program included two faculty mentors per cohort for pedagogical and 
technical facilitation. Twenty-five PIVOT mentors from our three colleges sup­
ported the faculty during the program and throughout the Summer, and in some 
cases into Fall 2020 and beyond. The PIVOT mentors logged in every day, hosted 
office hours, responded to their group questions, demonstrated course designs and 
tool usage. They were exemplary models of peer engagement during a time when 
many faculty needed this support. 
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Despite the pandemic, proactive support from the administration allowed 
and encouraged UMBC faculty to explore pedagogical innovation during a chal­
lenging period (Garrison Institute, 2013). Faculty received stipends to complete 
PIVOT programming, and mentors were compensated for their time and sup­
port. Funding was provided by the Provost’s office under the Hrabowski Innova­
tion Fund,15 which was established in 2012 through substantial grants from the 
Carnegie Corporation of New York and the Heinz Awards to support initiatives 
for enhancing teaching and learning at UMBC. 

Adoption 

The scope and impact of PIVOT was apparent when the workshops were posted 
for online registration in Spring and Summer 2020. Expecting less than 50 
participants for the prototypes offered during the first week of May, UMBC 
recorded more than 1,000 registrations, with 764 actual attendees during the 
week for one or more of the five-day PIVOT Live sessions.16 Collectively, this 
demand represented more than 250 unique PIVOT Live participants engaged 
during the week, nearly half of whom were teaching online during the sum­
mer. The success of PIVOT Live resulted in two additional offerings in June 
and August. 

Organized into college disciplines and communities or practice (e.g., labs, large 
enrollment), 275 faculty completed the more rigorous,10-day PIVOT Plus (+) pro­
gram.17 The College of Engineering and Information Technology (CoEIT) further 
coordinated peer-driven webinars and panels on STEM-specific topics, while the 
College of Arts, Humanities, and Social Sciences (CAHSS) organized smaller, 
department-based cohorts within its larger PIVOT+ training to facilitate deeper 
conversations on course-specific topics. All colleges leveraged peer faculty mentors. 

Impact 

Leveraging an approach that targeted an individual instructor’s refl ection on 
technology use, online pedagogies, and course content (Mishra & Koehler, 
2006), the PIVOT program benefited faculty and students in the following ways: 

15 https://calt.umbc.edu/academic-innovation-competition 
16 https://pivot.umbc.edu/pivot-live. For context, as of Fall 2020, UMBC had 931 FT & 

PT faculty. 
17 https://pivot.umbc.edu/pivot+ 

https://www.calt.umbc.edu
https://www.pivot.umbc.edu
https://www.pivot.umbc.edu
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Faculty 

Around 77% of PIVOT Live participants and nearly 85% of PIVOT+ partici­
pants said the program was helpful for their shift to online teaching. 

• 	 Faculty found their role as students (78%) and access to peer mentors (77%) 
to be among the most valuable aspects of the PIVOT+ program. As one 
instructor wrote, “PIVOT brought together a very heterogeneous group of 
educators, from those with a deep skepticism about the online delivery of 
instruction to those that are fond of technology. Such diversity made the 
discussion very productive and enlightening.” 

•	 Faculty feedback suggested that the topics covered were highly valuable. 
Learning objectives and alignment, active learning and assessment, engage­
ment and community building, and getting students started with a strong 
course introduction were among the popular sessions. Increased interest in 
supporting tools associated with student engagement and active learning 
drove further changes to training schedules. 

• 	 Results from a February 2021 survey about lessons learned from teaching 
online during Fall 2020 suggests a shift in the faculty’s pre/post pandemic 
teaching preferences for Fall 2021 (Penniston & Hawken, 2021). While 81% 
of 204 faculty respondents said they preferred to teach in a traditional (F2F) 
format before the pandemic, only 50% said they preferred to teach F2F going 
forward (see Figure 6.1). The change in pre- vs. post-pandemic preference for 

Figure 6.1 UMBC “Lessons Learned” Faculty Survey (Spring 2021) 
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F2F delivery was slightly greater for PIVOT-trained faculty (34%) vs. non-
PIVOT faculty (28%). Across the board, all faculty cited learner engagement 
as an area of concern; however, non-PIVOT faculty cited learner engagement 
as a concern more often than PIVOT faculty who received specifi c pedagogi­
cal and technical support. 

Students 

• 	 In a survey distributed to more than 500 courses taught by faculty who com­
pleted the PIVOT+ professional development program in Summer 2020, stu­
dents said they enjoyed taking classes that were well organized and planned 
(Hawken, 2020). This underscores the importance of findability and aligns 
to student self-efficacy and motivation (Simunich et al., 2015). 

•	 More than 85% of students who completed surveys said they agreed or 
strongly agreed that PIVOT+ courses flowed in a logical format. About 90% 
agreed or strongly agreed that requirements for the course were clear, while 
83% agreed or strongly agreed that instructions for assignments were clear. 
This is consistent with research indicating that students value clear instruc­
tions for getting started, descriptive criteria for course activities and assign­
ments, and consistent navigation (Ralston-Berg, 2014). 

• 	 Moreover, there is a statistically signifi cant (p < .001) positive relationship 
between a faculty member completing PIVOT training and elevated course-
level average values on Student Evaluation of Educational Quality (SEEQ) 
surveys (p < .001). For Fall 2020, student course evaluations improved by 
about .08 for those faculty who completed the training when compared 
with classes taught by instructors who did not (4.354 on a scale of 1–5) 
(Penniston, 2021). 

• 	 Courses taught by PIVOT-trained instructors also have increased Bb inter­
actions, which are both indicative of improved engagement and can also be 
leveraged for more precise predictive modeling to inform student outreach 
(Penniston, 2019) 

• 	 DFW rates for PIVOT-instructed courses did not increase when compared 
with the pre-pandemic baseline. 

Finally, it is worth noting that DoIT’s Instructional Technology team—and our 
host of 25 faculty PIVOT peer mentors—recently won UMBC’s 2021 “Job Well 
Done” Award18 from the University’s Human Resources offi  ce. 

18 https://hr.umbc.edu/job-well-done-award-program/job-well-done-award-recipients 
-spring-2021 

https://www.hr.umbc.edu
https://www.hr.umbc.edu
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Lessons Learned 

As we reflect on UMBC’s pandemic pivot to online learning—and comple­
mentary use of instructional design and learning analytics—a few observations 
may be useful for others who anticipate questions about the value and quality 
of online learning, let alone if and how it should be part of an institution’s post-
pandemic strategy. 

First, there is a difference between equivalent course delivery and equivalent 
learning outcomes. When UMBC was first exploring alternate delivery formats 
in the early 2000s, some in our faculty senate raised concerns about traditional 
(F2F) undergraduate courses being redesigned for online or hybrid delivery. Our 
instructional technology support staff were even asked to appear before the faculty 
senate’s undergraduate council, which approves all new undergraduate courses, to 
justify our support of faculty’s proposing to design and deliver online or hybrid 
alternatives. Among other things, the senators asked how online or hybrid courses 
could off er equivalent “contact hours” or “seat time” compared to the traditional 
version of the same course. 

Eventually, we leaned upon a little-known provision in the Code of Mary­
land (CoMAR) that had allowed our sister institution, University of Maryland 
University College (now known as University of Maryland Global Campus) to 
offer online courses for academic credit decades earlier—based on achieving 

“equivalent learning outcomes” and “when supervision is assured and learning is 
documented.”19 Subsequent federal requirements aff ecting financial aid, Title III, 
and the State Authorization Reciprocity Agreement (SARA), as well as regional 
and specialized accreditation standards, require consideration for quality assurance 
and measurement of student activity and learning. 

The problem for online or hybrid learning has always been that few traditional, 
F2F courses actually have documented student learning outcomes, which makes 
the task of assessing or comparing “equivalency” very challenging indeed. Without 
articulated and measurable learning outcomes, the default assumption may be 
that traditional F2F delivery is inherently “better,” which may be based (in part) 
on equivalent delivery measures of “seat time” or “contact hours” that can literally 
make alternate course delivery formats suffer by comparison. In other words, the 
burden of proof (and effort) can be even higher for redesigned online or hybrid 
courses if learning outcomes were never defined in their original F2F iterations. 

Th e first step in designing any course is articulating what students should know, 
understand, or be able to do after completing it. Measurable learning outcomes 
drive the course and pedagogical design of instructional activities and assessments. 

19 See p. 30, section 16.D.(1)(a) https://mhec.maryland.gov/institutions_training/Docu 
ments/acadaff /acadproginstitapprovals/COMAR%2013B%2002%2002.pdf 

https://www.mhec.maryland.gov
https://www.mhec.maryland.gov
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Moreover, as we reflect on how course design may impact student learning, clus­
tering Quality Matters course design standards helps isolate themes for future 
research questions on learning outcomes as well as retention, motivation, satisfac­
tion, and more (Legon, 2015). 

With the pandemic pivot to remote instruction and online learning, it is likely 
that many online (and probably synchronous) courses did not go through a thor­
ough articulation of learning outcomes either, which makes “equivalency” with 
asynchronous online courses challenging, as well. So, if we don’t have the tradi­
tional notion of “seat time” or “contact hours,” perhaps this will become replaced 
with “direct [synchronous?] instruction.” 

What’s worse, given the scale of likely rushed, synchronous virtual learning in 
2020, these could be the majority of courses on which people base their “online learn­
ing doesn’t work” sentiments. As such, online learning proponents may have won 
the battle—to scale virtual learning in a crisis—but be in jeopardy of losing the war 
to advance online learning as quality instruction and institutional strategic priority. 

Second, without documented student learning outcomes across courses, let alone 
programs and degrees, it is difficult to connect and scale learning analytics to tradi­
tional student success metrics such as final grades, term and cumulative GPA, cred­
its attempted/earned, student retention and persistence rate, progress toward degree, 
and four- or six-year graduation rates. While we may understandably assume that 
students who learn “more or better” in a course will eventually become successful 
graduates, how do we prove it, let alone intervene with students who we may project 
or even predict to be at risk of not succeeding? Research from the Education Advi­
sory Board (EAB) has shown that about 45% of students who drop out of college do 
so after their second year, and with a GPA between 2.0 and 3.0 (Tyson, 2014; Venit, 
2016). These so-called “Murky Middle” students leave college in “good academic 
standing” without a degree, the typical definition of “student success.” 

For this reason, we have not only been working hard to define and align learning 
outcomes across course, program, college, and the university—thanks largely to 
our Faculty Development Center 20—but also to integrate them into our institu­
tional data warehouse strategy. Two initiatives in particular are worth noting: (1) 
our development of what is often referred to as the Comprehensive Learner Record 
(CLR), a digital record that can be used to document a student’s academic and 
co-curricular learning and accomplishments (Comprehensive Learner Record, n.d.; 
Comprehensive Learner Record | IMS Global Learning Consortium, n.d.; Shendy et 
al., 2019); and (2) a Learner Record Store (LRS), which is a learning/learner-specifi c 
data warehouse or data lake that can collect and curate massive amounts of stu­
dent engagement data, not only in the LMS, but also from third-party extensions, 
e-Textbooks, publisher homework systems, and more (Learning Record Store, n.d.) 

20 https://fdc.umbc.edu/learning-assessment 

https://www.fdc.umbc.edu
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Ideally, we ought to be able to view any aspect of a student’s learner experience 
like an academic “core sample” of what is or could be occurring across the institu­
tion for similar peers. Imagine a student who initially struggled to understand the 
pH of a salt solution in general chemistry but eventually managed to demonstrate 
proficiency on a quiz, assignment, or test: Did they read the open educational 
resource (OER) textbook? Take advantage of practice problems before midterm 
exam? Attend tutoring, supplemental instruction, or even office hours? Is the 
student living on campus or a commuter? Is the course taught by an instructor 
who has sought training in active learning or online/hybrid course delivery? Are 
there other courses (perhaps pre-calculus or English composition) that, when com­
bined with general chemistry, are more likely to be associated with students who 
are retained in STEM degrees? Yes, this sounds like a “kitchen sink” of data and 
variables, but if we can link student learning outcomes to the digital footprints of 
the student learning experience, the courses they enroll in, and the instructors who 
teach them, we may be able to help shine light on how quality course design can 
help students learn and succeed. 

Finally, as UMBC’s President Freeman A. Hrabowski likes to say, “If you want 
to change the culture, shine light on success, not failure.” He’s right, of course, and 
we need to defi ne success and look for it. When it comes to quality teaching and 
learning (online or otherwise), we have to start with the end in mind, or “backward 
course design.” What do we want students to know, understand, or be able to do 
after completing a course? Not only what grades or credits did they earn. What 
did they learn, and what did this knowledge allow them to understand or do next? 
Better still, what should these learning outcomes be a year after completing the 
course? Now we’re moving from a short-term memorization to perhaps changing 
how people think critically to solve problems or even create new knowledge. 

However, since most faculty teach the way they were taught, and most weren’t 
taught online, how do we give faculty the time and opportunity to learn a new 
mode of instruction or course delivery to achieve their desired learning outcomes 
for students? Consequently, as we shift from being forced online to perhaps choos­
ing to do so, what does online learning quality and student success look like? 

Yes, faculty will need to know the basics of how to use specific tools and tech­
nologies, and we might even create financial incentives such as course development 
stipends. But what we’re really striving for here is helping faculty use technology 
to reflect on and express their pedagogy or philosophy of learning in ways that 
can best help students achieve their desired learning outcomes. In our experience, 
faculty learn this best from other faculty, which is why our PIVOT and all forms 
of instructional technology support and training relies so heavily on identifying, 
supporting, and rewarding faculty peer mentors. 

Here’s where we can use learning analytics to help find and shine light on 
success in online learning precisely because our students and faculty leave digital 
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footprints we can make inferences about, validate, and even reverse-engineer as 
effective practices others might wish to implement. Yes, user activity data are an 
indirect proxy for engagement, but they are also a plausible and reasonable place to 
start. If we know someone who teaches in ways we wish others would consider, we 
can see if and how their students have been successful in the next course that fol­
lows. Alternatively, we might also be intrigued by patterns of student engagement 
in one course that diff er significantly from other courses. In both cases, we can 
use the data as a starting point for a conversation or interview with the instructor 
to fi nd out “What’s going on in your course?” or “What are you doing that leads 
to your students’ success?” In this way, we can fi nd both eff ective practices—and 
practitioners—who we can support and “shine light on.” 

Conclusion

 What would make online learning more of a priority for the institution going 
forward? How can we scale online learning quality? For most higher education 
institutions whose course offerings have been primarily in person, this requires a 
fundamental shift in institutional culture. Instructional design and integrating 
learning analytics are key, but no amount of these improvements will bring about 
lasting change if faculty are not convinced of the value of online learning. In other 
words, we will need to work to win the hearts and minds of faculty by clearly 
showing the benefits of online education for the instructor and the students. 

As Hrabowski, Rous, & Henderson (2019) point out in their book, Th e Empow­
ered University, any proposed change at university that is perceived as top-down is 
likely to be dead on arrival for the faculty and staff who must implement it. Rather, 
the most effective ways to change the culture and practices of an institution are 
by clearly articulating a vision for the future through a collaborative process with 
others—faculty, staff, administrators, and students—who broadly embrace it and 
developing colleagues who align with the culture, mission, and work. 

Moving the hearts and minds of faculty requires a multi-pronged approach. A 
method that works well for one group of faculty may not work as well with another 
group. For example, showing the concrete benefi ts of participating in our PIVOT 
training—better student course evaluation scores reported for faculty who com­
pleted the PIVOT training than those who did not—may help in winning the 
hearts and minds of some faculty. For others, demonstrating how a thoughtfully 
designed online course promotes student engagement and success may do the job. 
Still for others, incentives can help. With our PIVOT initiative, we developed 
a faculty award program with funds from the Hrabowski Innovation Funds to 
recognize faculty who participated. But incentives are not always necessary. As 
Hrabowski et al. (2019) point out, passion is a characteristic that is found in the 
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context of change. What successful change and innovation often require are the 
people who lead. These leaders take the initiative, go “above and beyond” their nor­
mal work. There are obstacles, but they are passionate enough to move past those 
obstacles. We have been fortunate that UMBC has had more than its share of pas­
sionate and committed people who will roll up their sleeves and do the work. Our 
community is better for this broad set of leaders, and our students have benefi ted 
substantially from their commitment. 

A big part of the success of our PIVOT program has come from a close partner­
ship between our Division of Instructional Technology, the Faculty Development 
Center, and our Colleges, all of which collaborated closely to facilitate faculty peer 
learning communities. Tapping peer mentors from throughout the university 
was also key to the success of this program because faculty often learn best from 
other faculty. Many of our faculty peer mentors are full-time lecturers, but we 
have also been thrilled to hear some of our senior tenure-track faculty share that 
their teaching has benefited markedly from the peer learning communities. Senior 
faculty play a critical role in shaping departmental expectations for reviewing the 
performance of junior faculty, and we are seeing a shift in faculty’s attitude toward 
online instruction more broadly. 

It takes concerted effort over time and continuous vigilance to sustain these cul­
ture changes. We need to continuously monitor progress to ensure that it endures 
and, when new people join our campus community, be sure to educate them about 
our culture and approaches. Change is hard, and success is never final. But we can 
win the hearts and minds of our community members one person at a time. 
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Democratizing Data at a 
Large R1 Institution 

Supporting Data-Informed Decision 
Making for Advisers, Faculty, and 
Instructional Designers 

Chris Millet, Jessica Resig, and Bart Pursel1 

Abstract 

In this chapter, we share best practices for advancing learning analytics and 
establishing a data-informed decision-making culture in higher education based 
on over a decade of experience at The Pennsylvania State University. We include 
general principles for articulating learning analytics project goals and consid­
erations for ensuring such projects align with institutional imperatives related 
to privacy, security, and ethics. We conclude with three examples of successful 
learning analytics implementations at Penn State that illustrate these principles. 

Keywords: Learning analytics, instructional design, academic advising, learning 
engineering, higher education 
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Introduction 

The Pennsylvania State University (Penn State) is a large land-grant Research 1 
institution with 24 campuses distributed amongst the beautiful forests and moun­
tains of the commonwealth. Penn State enrolls approximately 96,000 students, 
including 18,000 at the fully online World Campus. 

Like many institutions of higher education, Penn State uses data extensively to 
inform many of its strategic decisions. However, only within the last decade has 
it begun to invest significantly in developing the capacity to use data to directly 
inform teaching and learning, otherwise known as learning analytics. Historically, 
querying, analyzing, and visualizing data has required niche skillsets and complex 
statistical software. 

As new data interoperability standards have emerged and software such as R, 
Tableau®, and PowerBI® have become accessible and relatively inexpensive, and as 
the field of learning analytics has developed, the prospect of putting the power 
of data in the hands of faculty, instructional designers, and academic technology 
units has slowly become a reality. While Penn State has engaged with established 
third-party vendors to help establish key infrastructure and even to accelerate 
its learning analytics efforts, the latter has largely evolved over the past 10 years 
through a series of small experimental projects, each contributing new competen­
cies and modernized policies that have prepared us for this new era. 

In this chapter, we’ll share some of our current projects and the lessons we’ve 
learned getting to this point. We hope you’ll take away from this journey the 
idea that regardless of current buy-in or the maturity of your institution’s analyt­
ics capability, you can move decisively from initial explorations to an established 
data-informed decision-making culture in a reasonable timeframe and with only a 
modest fi nancial investment. 

Dimensions of Learning Analytics 

Learning analytics can serve a wide variety of purposes within an institution. 
At one end of the spectrum, it may support traditional institutional research 
functions. In this instance, large historical datasets are used by administra­
tors and researchers, in part to inform enrollment management or the pro­
cesses that “infl uence the size, shape, and characteristics of a student body by 
directing institutional efforts in marketing, recruitment, admissions, pricing, 
and fi nancial aid” (Clagett, 1991). 

While learning analytics’ role in enrollment management or other macro-level 
institutional decision making may be limited, it can add another dimension to an 
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institution’s understanding about how large-scale effects correlate with individual 
student performance within a course. That in turn may affect an institution’s deci­
sions regarding what academic support services to bolster to best address the needs 
of their specific student population. For example, a well-placed math tutoring ser­
vice targeting the right students may have a profound impact on long-term retention. 

On the other end of the spectrum, learning analytics can be used to provide 
very fi ne-grained information to an individual instructor about a student who is 
struggling in a course and inform specific interventions to get that student back 
on track. At the heart of both of those very diff erent decisions is a similar set of 
data and analytical techniques. However, considerations related to the purpose of 
each project, the intended audience, the scope of impact, and the nature of and 
risks associated with the data have direct bearing on approval, funding, timelines, 
personnel, and skillsets required. Understanding both how such projects diff er 
and how they relate can lead to a much more efficient, integrated, and overall 
effective strategy. Careful categorization may also help identify misalignment 
between a project and institutional priorities and suggest different and more fruit­
ful directions. In this section, we suggest an approach to describing the diversity 
of possible learning analytics projects and articulate discrete dimensions of project 
categorization that may be useful to you, whether you are proposing new projects, 
evaluating proposals, or simply looking to identify a more effi  cient approach to 
managing legacy projects. 

Learning Analytics Project Dimensions 

The following is not meant to be comprehensive, but rather to serve as an 
example of how you might systematically evaluate and categorize potential 
learning analytics projects. Each of these dimensions has implications related 
to ethics, security, difficulty of implementation, impact on learning, value to 
the institution, or costs and may help determine the overall viability of your 
project. For each category, we’ll suggest framing questions to draw out critical 
details and then provide a series of representative examples and their related 
considerations. 

Purpose 

What problem is this project trying to solve? Have other approaches been con­
sidered or attempted that were not successful? How do data specifi cally help 
solve this problem? What expertise is required to support such a project? (See 
Table 7.1.) 



  

Purpose Considerations 

 Predicting student Requires signifi cant historical data to develop predictive 
performance models. Potential for misuse introduces ethical risks.  

Adaptive learning Substantial research has been conducted that can 
 guide design. Signifi cant effort may be required to 

 incorporate adaptive systems into courses. 

 Improving learning Usage logs and performance data are readily available 
 materials and tools in most cases. May require academic technology and 

instructional design expertise to interpret data and 
design improvements. 

Audience Considerations 

Students  Student-facing analytics can support self-regulation 
 and build metacognitive skills in students but can also 

  inadvertently undermine self-confi dence. Messaging 
should be constructive and not unnecessarily com­

 pare students. FERPA regulations must be strictly 
adhered to. 

Instructors Analytics can help instructors identify and intervene 
 with at-risk students but can also be misused. Training 

and in-app scaffolding that reinforces intended usage 
can mitigate these issues. 

Advisors  Advisors are trained to interpret data and translate this 
 to students. They often have heavy workloads, so LA 

 dashboards need to be intuitive and highly customized 
to advisor workfl ows. 

 Learning designers  Learning designers have deep knowledge of course 
designs and will typically understand drivers for specifi c 
student behaviors and performance issues. LA dash­
boards must allow them to drill down to granular details. 

Administrators Administrators seek to understand high-level trends. 
Predictive analytics that utilize large historical datasets  

 visualized in dashboards that draw attention to the most 
salient insights are highly desirable to this audience. 

118 Online Learning Analytics 

Table 7.1 Project Purpose and Related Considerations 

Audience 

Who do you intend to utilize these analytics? What knowledge or skills are nec­
essary for this audience to accurately interpret and act on these analytics? Are 
there policies specific to this audience accessing this data? Have you considered 
any unintended consequences of misuse of these analytics? (See Table 7.2.) 

Table 7.2 Project Audience and Related Considerations 



 

Data Source Considerations 

Student Information System (SIS) SIS’s will likely contain far more data than you 
 need. Individual data stewards may govern 
 access to specifi c tables, so gaining access 

may be complicated. Consider if this is strictly  
necessary. 

 Learning Management System 
(LMS) 

 The LMS is a critical data source for many LA 
 projects, as it contains comprehensive data 

about both student behaviors and perfor­
mance. Some LMS vendors provide standard­

  ized formats such as Caliper® or xAPI. 

Third-party learning environments  You may need to negotiate with a vendor 
to gain access to these data if you have not 
included data access in your contract. The 
data may not be in an easily usable format. 
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Data Sources 

What are the questions you are trying to answer? Do data currently exist to help 
answer these questions? Do you require additional data? How do the data you 
are requesting directly contribute to answering those questions? What are the 
policies governing access to these data? (See Table 7.3.) 

Table 7.3 Data Sources and Related Considerations 

Risk 

All learning analytics projects introduce some level of risk (including the security, 
ethics, and privacy considerations discussed later in this chapter). Is your risk 
level acceptable to your stakeholders? Does the expected value justify the poten­
tial risk? Are there strategies you can take to mitigate risks while still providing 
the same value? (See Table 7.4.) 

An appropriately categorized learning analytics project is an excellent starting 
point for determining your next steps, including identifying critical stakeholders 
and gatekeepers across your institution who you should consult before beginning 
any implementation. We’ll use these dimensions in our examples later in this chapter. 

Organizational Considerations: 
Creating Conditions for Success 

The Department of Education states that, “[U]sing data is now taken for granted as 
an essential component of any educational improvement process” (Murray, 2014, p.1). 



   
 
 
 

  
 

  
  

 
  

  
 

 

  

 
 

 
 

Risk Factors Considerations 

  Student data breach  This should be the primary concern for all LA 
 projects, as it carries the greatest risk to harm 

 students and the institution, particularly if 
 you are using high-risk data sources such as 

 student aid data. Project leaders should work 
  closely with privacy and security offi ces to 

 mitigate this risk. 

Unethical use of analytics Misuse of data may be deliberate or uninten­
tionally introduced by poor design. Potential 
unethical uses should be enumerated by the 
project team during the planning phase. 

 Incorrect interpretation or Incorrect data queries or fl awed statistical meth­
 unsupported claims  ods can mislead users. Robust testing and user 

validation can mitigate this risk. 
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Table 7.4 Risk Factors and Related Considerations
 

This use has evolved from a “data-driven” to a “data-informed” orientation (Shen, 
2011), the distinction being a shift from the assumption that data itself contain the 
key insights that prescribe an optimal decision to the more measured expectation 
that data can, at best, narrow the set of optimal decisions and that humans must 
ultimately decide on a course of action. This orientation has a twofold benefi t. First, 
it helps us avoid an overreliance on approaches that rely solely on quantitative data 
that can lead to an overconfidence in what those data alone can tell us (Jones & 
McCoy 2018). Second, we establish a firm basis of trust in the analysis itself when 
stakeholders are invited to draw on their personal knowledge and expertise to 
balance claims based on data alone. These stake holders, including registrars, IT 
security professionals, faculty, students, library staff, and data stewards, can all 
be incorporated into the planning and validation phases of any analytics project. 
The trust that is developed when operating in this manner will help ensure down­
stream awareness and adoption of project outcomes. 

Security, Privacy, and Ethics 

The foundation of learning analytics projects often requires data. Sometimes 
these data can be innocuous, such as a sequence of courses that combine to cre­
ate a degree program. Other times these data can contain personal information 
that individuals may be hesitant to share, such as financial aid details. In our 
experience, every learning analytics project will at some point need to balance 
the goals of a project with the security, privacy, and ethical responsibilities of 
working with different types of data. 
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Security 

Whether dealing with learning analytics data, research data, health data, or other 
types of data, your institution likely has some form of policy or guidelines on 
how different types of data need to be secured. As the criticality of information 
and cybersecurity grows, most institutions have offices or individuals charged 
with ensuring certain types of data are secured in the appropriate manner. As 
learning analytics data often include data about individuals, understanding the 
offices that deal with personal data is important to get a learning analytics proj­
ect off the ground. 

At Penn State, the Office of Information Security2 is responsible for ensuring 
University data are secured in a way that protects the interests of the University 
as well as individuals of which the University collects data. Similar offi  ces exist 
for many higher education institutions, though where these offices reside in the 
organizational structure at each institution may diff er. 

Penn State currently defines four classifications of data and has procedures in place 
regarding how to secure the information based on each classifi cation. Th e classifi ca­
tions are driven by the possible harm to individuals, communities, or the University 
if data were compromised in some way. At a high level, these classifi cations are: 

• Level 1. Low-risk data that include publicly available information, as well 
as some non-public data. Examples include schedules of courses, published 
research data, and educational data. 

• Level 2. Moderate-risk data include information such as personnel records 
and some components of identifiable student records. Important to note 
is how an institution defines Personally Identifiable Information (PII). For 
example, Penn State does not consider certain information that might be used 
to identify an individual as PII, such as a date of birth or an email address. 

• Level 3. High-risk data, specifically data that are deemed PII. Th is includes 
data such as social security numbers, health data, and University identifi ca­
tion numbers. 

• Level 4. Restricted data that include various financial information such as 
credit card and bank account data, as well as data identified in the Federal 
Information Security Modernization Act (FISMA). 

While these risk levels provide guidance, some units also find it useful to create 
more granularity within these categories to guide local work. For example, in the 
context of student-facing analytics, there may be gradations of Risk Level 2 that 
assign additional levels depending on what specific data elements are exposed and 
their potential for misuse or harm to students. Such factors are highly contextual, 

2 https://security.psu.edu/ 

https://www.security.psu.edu
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and one must consider when it’s appropriate to go beyond institutionally defi ned 
risk categories. 

The higher the classification of data, the more defined security protocols need 
to be in place to work with these data. An additional challenge is the nature of 
learning analytics work as it relates to data science. Many data science tools are 
cloud based and require data to leave local, secured storage solutions and networks 
and travel to cloud platforms such as Amazon Web Services® (AWS), Microsoft® 
Azure, or the Google® Cloud Platform. For example, if a goal of a project is to cre­
ate a machine learning model that can leverage past data to predict current student 
performance in each course, this may require access to specialized computational 
hardware, particularly if the model needs to run on a frequent cadence, such as 
daily. Purchasing this hardware locally is one solution, while leveraging cloud 
resources is another way to enable this work. When engaging in learning analytics 
projects, the Office of Information Security, or similar unit at your institution, is a 
valuable collaborator to ensure the data associated with a learning analytics project 
are appropriately secured. 

Privacy 

While security is certainly a challenge with learning analytics projects, privacy 
often presents a larger challenge. This is due to several reasons: 

• Different regulations directly impact how a university handles individual 
data, and the legal counsels at institutions can sometimes differ in their 
interpretation of the finer points of these regulations. 

• The concept of privacy is complex and challenging, particularly in the con­
text of student learning data. 

• Not every institution has a dedicated office or individual spending signifi cant 
time defining privacy from an institutional perspective that is easily appli­
cable to learning data. 

A good starting point when considering privacy as it relates to a learning ana­
lytics project is to consult with the individual(s) at your institution responsible for 
ensuring adherence to federal regulations. In the United States, this is the  Family 
Educational Rights and Privacy Act (FERPA). FERPA plays an important role in 
how student educational records can be leveraged at an institution. A challenge is 
how an institution, often through a legal counsel, interprets FERPA. Conservative 
interpretations may make it difficult for learning analytics projects to access and 
leverage student educational data records. More liberal interpretations point to 
FERPA as a catalyst for things like learning analytics, where institutions desire 
to leverage student educational data records to improve student learning and out­
comes. Another regulation is the  European Union’s (EU) General Data Protection 
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Regulation (GDPR), which applies to any school, regardless of geographic location, 
where EU citizens are enrolled. Depending on the data required for a learning ana­
lytics project, the  Health Insurance Portability and Accountability Act (HIPAA) 
might also come into play, dictating if and how health data can be leveraged. 

An important distinction to be made early in a learning analytics project relates 
to the project’s context. Specifically, is the project a research project as defi ned by 
an institution’s research office, or is the project an administrative project to sup­
port administrative goals, such as accelerating time to graduation? If a project falls 
into the research category, engaging your institution’s research protections offi  ce is 
vital to ensure all the necessary steps are in place to ensure an individual’s privacy 
with relation to data. If the project is an administrative project, it is important 
to try and find an office or individual at your institution who can review your 
learning analytics project from a privacy perspective. An asset at Penn State is the 
Privacy Impact Assessment (PIA),3 a tool provided by the Privacy Offi  ce that helps 
determine potential privacy challenges that need to be addressed when we initiate 
a learning analytics project. 

Another challenge with privacy is that it feels like a moving target: with social 
media, online entertainment platforms, and e-commerce, our data are being 
captured and leveraged in a plethora of unexpected and sometimes hidden ways 
(Prinsloo & Slade, 2015). Th e field of learning analytics is still nascent, with a small 
(yet growing) body of research around student perceptions of privacy, which often 
differ across cultures (Arnold & Sclater, 2017). While the field of learning analytics 
wrestles with these complex questions around privacy, at the same time we must 
continue to experiment with how we use data to support student success in all its 
forms (Slade & Prinsloo, 2013). In addition to examining the literature around 
privacy as it relates to your learning analytics project, another important resource 
is a Chief Privacy Officer, or someone in a similar role, who focuses on examining 
the usage of data at an institution as they pertain to matters of privacy. 

Ethics 

Ethics is arguably the most challenging of the triumvirate of security, privacy, 
and ethics. Like privacy, ethics can be shaped by a multitude of factors, includ­
ing age, race, socio-economic status, culture, education, and gender. Not only 
do we need to consider holistic ethical challenges when using data, we also  
need to apply an ethical design lens, making sure ethics plays a role in how we 
design learning analytics tools, particularly the aspects of the tools that end 
users engage (Shilton, 2018). When exploring ethical considerations related to 
learning analytics projects, some units to consider engaging include: 

3 https://security.psu.edu/services/privacy-impact-assessment 

https://www.security.psu.edu
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• Researchers and research centers that specialize in ethics 
• Units focused on education equity 
• Units focused on diversity and inclusivity 

Many individuals today are uncomfortable with the amount of data diff erent 
entities collect about them, as well as how they use those data. This is particularly 
true of members of marginalized groups. When examining recent trends in arti­
ficial intelligence, there are issues of AI-driven job screening applications being 
biased against women (Dastin, 2018) as well as facial recognition software used 
for things like prison sentencing, security, and exam proctoring that show a bias 
against individuals of color (Raji et al., 2020). As these stories continue to appear 
in our popular media outlets, people are rightfully skeptical about the uses, or 
more aptly misuses, of data. Members of a core learning analytics project team are 
unlikely to have expertise in ethics, which makes it vital to engage a diverse group 
of individuals at your institution that do have the appropriate ethical expertise to 
help guide decisions. 

Finding Balance 

As you traverse learning analytics projects, you will undoubtedly confront impor­
tant decision points that directly relate to privacy and ethics. The gold standard 
in terms of privacy is opt-in. This is very challenging for learning analytics in 
general, as many projects involve the use of secondary data from platforms such 
as a  SIS or LMS. If students first need to be invited to participate, then opt in to 
have their data used in a project, there’s a real risk of not having enough data to 
discover meaningful trends or insights around teaching and learning. If students 
are automatically opted in with regards to their data, should they have the ability 
to opt out, having their specific data removed from the project’s dataset? While 
this is a good practice, it is sometimes difficult technically to put into place a 
mechanism whereby a student can opt out of their data being part of a learning 
analytics project. When it comes to using AI in learning analytics projects, the 
line is less clear. What does opt-out mean, exactly? Is it opting out of having 
a student’s data appear in an interface, thus hiding them from anyone using a 
learning analytics tool? Or does it also mean removing their data altogether from 
the dataset being used to create different types of machine learning algorithms? 

In our work to date, we find engaging the right individuals on our campus 
at these decision points helps us feel comfortable and confident in the way we’re 
using data, as well as builds trust with our end users and the individuals whose 
data we use. In addition to questions around opt-in and opt-out, a good practice 
is to always be as transparent as possible with individuals regarding how their data 
are being used and for what purpose. Even if a student can’t opt out, they at least 
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have access to information explaining how their data are being used and to what 
end. This again creates challenges for the learning analytics project team, as there 
aren’t always good mechanisms to message to the entire student body about how 
data are being used on a per-project basis. Some institutions, such as Wisconsin, are 
using the news features of their learning management systems to alert students of 
new learning analytics projects and pointing students to a web presence designed 
to catalog each project, the data being used, and the goals.4 

Advancing Analytics Initiatives at Your Institution 

An uncoordinated and piecemeal approach to building analytics capacity can 
lead to inconsistent results, misalignment with policy that will undermine trust, 
and inefficient use of resources. The following recommendations represent best 
practices from over a decade of work in this field at Penn State. 

Iterating Toward Success 

A strategy many institutions may want to adopt early on is to build their ana­
lytics capacity gradually, through highly intentional risk-managed iterations. 
This can be particularly useful where there is not an established data-informed 
decision-making culture in place. Overcoming a reticence for widespread use 
of data and analytics borne out of traditionally conservative data policies and 
procedures should happen over time, with an explicit goal of building trust and 
confidence. Rather than large-scale enterprise analytics initiatives, Penn State 
pursued small departmental projects focused on discrete problems for specifi c 
audiences. The limited scope of these projects allowed us to precisely articulate 
their parameters to data stewards and privacy officers and provide unambiguous 
responses to their questions. While early successes had relatively small impact, 
we evangelized these successes with stakeholders and credited our constructive 
relationships with our institutional partners. As problems with infrastructure 
or confusions about policy arose, we had frank conversations and made what 
progress we reasonably could. This slow development of trust and evolution of 
process benefi ted us greatly as we tackled successively larger initiatives. 

We often say analytics is a team sport, meaning it takes a wide variety of 
individuals with diverse perspectives and skillsets to all come together and work 
harmoniously towards a common goal. Universities often have catalysts for these 

4  https://at.doit.wisc.edu/evaluation-design-analysis/learning-analytics-projects 
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sorts of collaborations, such as internal grant or award programs. Some of our 
earliest work was catalyzed by seed grants from an internal innovation center that 
ran annual calls for proposals focused on enhancing teaching and learning via 
technology. These calls often brought together diverse individuals and provided 
us a venue to bring together faculty from our College of Education and Math 
department, along with institutional researchers, developers, and instructional 
designers to explore how analytics might play a role in supporting student success 
in a large calculus course. While our prototype and associated results showed 
some promise, the project wound down at the end of the grant funding. We still 
viewed this as a success, as it began to lay the foundation in terms of the diff er­
ent people and stakeholders who we would go on to work with on future, larger 
learning analytics projects. 

Consortium, Research Partnerships, and Standards 

Another effective strategy for bootstrapping your institution’s capacity for learn­
ing analytics is by looking to external partnerships. The Society for Learning 
Analytics (SoLAR) held the first Learning Analytics and Knowledge (LAK) 
Conference in 2012, and attendees are often credited with helping to shape 
the fi rst definition for the field of learning analytics. SoLAR continues to host 
the LAK conference, as well as smaller events such as the Learning Analytics 
Summer Institutes, that present a great venue and network to engage as you 
think about growing learning analytics initiatives locally. You can also fi nd a 
great deal of research on the SoLAR website,5 both originating from SoLAR 
events as well as through other outlets. 

Another consideration as you begin to grow learning analytics efforts are 
consortiums. Even without joining a consortium, which at times can be costly, 
most consortiums make publicly available different resources on their websites. 
One example is Unizin, a consortium that strives to “meet the moment of digital 
transformation by developing and delivering solutions that address the pressing 
and complex challenges of data, analytics and digital content.6” Of specifi c note 
is a platform developed by the Consortium called the  Unizin Data Platform 
(UDP), a cloud-based platform that allows universities to capture and leverage, in 
a single platform, a diverse set of learning data that is all standards driven. Even if 
a university is not a member of Unizin, the UDP recently launched as a product 
in the Google Cloud Platform storefront, allowing non-members to leverage this 
infrastructure. Another example is the IMS Global Learning Consortium®. Part 

5 https://www.solaresearch.org/ 
6 https://unizin.org/about 

https://www.solaresearch.org
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of this consortium’s work encompasses K–12 and higher education to support the 
adoption and growth of learning analytics through standards. 

Technical standards can also help save time, pave the way for future interoper­
ability, and generally accelerate project development. Both IMS’s Caliper®7 and 
xAPI8 are examples of data-formatting standards that streamline data analysis by 
establishing consistent vocabularies in your data definitions. When the concept of 
a grade or a page view is the same regardless of the data source, that consistency 
can help otherwise disparate systems speak the same language. This facilitates data 
federation, or combining of datasets, which in turn leads to a more comprehensive 
description of student behaviors and performance and greater statistical power. 

Beyond technical standards, organizations such as IEEE have worked to defi ne 
new job profiles with competencies critical to supporting learning analytics eff orts 
such as “learning engineers” (Goodell, 2018). Such job profi les can help organiza­
tions hire people with the right skillsets and create new capabilities that may be 
necessary to solve novel problems. If institutions don’t have the funding or exist­
ing buy-in to create new positions, conducting a broad skills inventory across the 
organization may surface existing positions that could help move early analytics 
eff orts forward. 

Some institutions may choose to avoid this internal capacity building and simply 
license a learning analytics platform from a vendor. While this is a valid strategy 
and may suit your needs, especially if you have significant time constraints, it has 
been our experience at Penn State that the competencies described above are equally 
important when establishing a productive working relationship with such vendors. 
Entirely outsourcing your learning analytics capabilities may lead to avoidable 
implementation problems and an inability to appropriately challenge a vendor’s 
methodologies. Given the highly contextual nature of the problems that learning 
analytics attempt to address, institutions should never settle for one-size-fi ts-all, 

“black box” solutions, nor should they enter into agreements with vendors who are 
not willing to at least discuss, at a high level, proprietary algorithms. Having the 
competencies in-house to facilitate those conversations is an important prerequisite. 

Penn State Projects 

The following projects represent a range of approaches to learning analytics that 
we’ve explored at Penn State. While each project originated in diff erent organi­
zations within the university, collaboration within formal governing bodies as 
well as informal sharing amongst like-minded peers has established a common 

7 http://www.imsglobal.org/activity/caliper
 
8 https://xapi.com
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Project Dimensions: Analytical Design Model 

Purpose Utilize empirical evidence of student performance and 
behavior to inform course revisions. 

Audience Instructor(s)-of-record and instructional designers. 

Data sources Learning management system, content management system, 
third-party student learning environments, surveys. 

Risk factors Moderate risk. Student grades and pseudoanonymized PII 
are used during analysis. All reporting is of aggregate trends. 

 The intended audience has pre-existing approval to view 
 this data. Analysis is facilitated by instructional designers to 

minimize erroneous interpretation and use of data. 
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philosophy and shared understanding of university priorities, policies, technology 
infrastructure, and individual unit roadmaps that together keep us on a similar 
orientation. We’ve categorized each project using our project dimensions to help 
you situate these individual efforts in the larger landscape of learning analytics. 

Penn State Projects: Analytical Design Model 

Table 7.5 Project Dimensions: Analytical Design Model 

Penn State World Campus Learning Design (WCLD) is a large, online course 
development unit with over 50 instructional designers, production specialists,  
multimedia specialists, editors, and programmers who support an average of 
approximately 1,200 course sections each semester. The unit was established 
in 1998, and in that time has supported the creation and ongoing off ering of 
45 academic programs. The traditional revision cycle within WCLD has been 
calendar based, relying on revisiting each course on a three- to four-year basis 
to refresh the content and assessments, create novel multimedia assets, and 
integrate new technologies based on course author and instructional designer 
insights, preferences, expertise, and best practices. 

As our access to detailed course data from a variety of sources improves, WCLD 
has turned to developing a more refined revision process that supports targeted 
course improvements through identifying high-impact needs and supporting 
continuous, iterative, and data-informed updates. By more precisely identifying 
barriers to student success, we are better equipped with the information neces­
sary to make course improvements that serve our learners, while simultaneously 
enhancing our use of resources and addressing institutional and unit goals related 
to student retention and program optimization. 

We’ve based our new strategy for improving courses on the  Analytical Design 
Model (ADM) (Millet & Resig, 2021), a five-phase, holistic approach to course 



 
 

 
  

 
 

 
 

 
 
 
 

   
  

 
 
 

 
 

  
 

 

 

 

 

 

Project Dimensions: Elevate 

Purpose To provide academic advisers access to Canvas activity data 
in order to help identify students as early as possible in a 
semester who may need proactive support. 

Audience Academic advisers. 

Data sources Student Information System (SIS) and Learning 
Management System (LMS). 

Risk factors Moderate risk. Advisers misinterpreting data may lead 
to unintended consequences in student communication 
strategies. Small number of instructors voiced concern this 
could be used to compare Canvas activity across courses 
for evaluation purposes. 
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revision that places an increased emphasis on the “analysis” stage of the instructional 
design process. Th e five phases are outlined below, along with examples in practice. 

Th e five phases of the ADM are planning, analysis, validation, design and 
development, and evaluation (Millet & Resig, 2021). During the planning phase, 
the course author, instructional designer, and other relevant stakeholders meet 
both to discuss the course and the motivations for revision and to establish a set of 
guiding questions that serve as hypotheses to be explored during the analysis. Th e 
analysis phase involves compiling and triangulating the data to advance insights 
that address the guiding questions. Those insights are then validated by stakehold­
ers to surface well-supported revision prioritizations. As IDs and authors move into 
the design and development phase, they utilize the priorities and analyses alongside 
their expertise in the content and learning sciences to revise the course. Lastly, the 
evaluation phase calls for ongoing data collection and analyses to monitor the 
efficacy of changes and to support continuous improvement. 

The design of each analytical visualization or dashboard is deliberated on by a 
core analytics team who together represent the relevant pedagogical and technical 
competencies to ensure it is grounded in sound learning theory, intuitive to use, 
secure, and scalable. Over time, a designer toolkit has developed composed of 
reusable dashboards that address the most common instructional questions, and 
each includes inline scaffolding to guide designers and instructors in the appropri­
ate use of the analytic (see Figures 7.1 and 7.2 on following pages). Th is iterative 
cycle drives the continued evolution of our datasets, refinement of our data sensors, 
more precise questions, and better procedures that embed data insights into course 
improvement practice. 

Penn State Projects: Elevate 

Table 7.6 Project Dimensions: Elevate 
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Elevate is an application that visualizes a combination of SIS and Canvas® activ­
ity data. The core functionality of Elevate involves taking every undergraduate 
course section across the University and calculating each student’s interaction 
within Canvas for that specific course. This includes all the various actions a 
student might take, such as posting to a discussion forum, viewing a fi le, or 
submitting a homework assignment. All student activity from within a single 
course is then averaged together to create a fictitious, average student, as defi ned 
by Canvas activity. Once the fictitious average student is created, each student is 
then compared to the fictitious average student. Based on this comparison, one 
of three things happen within the interface of Elevate: 

• If the student being explored has similar activity to the fi ctitious average stu­
dent, or exhibits signifi cantly more activity, no alerts are displayed in Elevate. 

• If the student being explored is active in Canvas, but at a signifi cantly  lower  
rate of activity compared to the fi ctitious average student, Elevate assigns a  
yellow icon next to the student.  

•  If the student being explored has been inactive in Canvas for seven con­
secutive days or more, Elevate assigns an orange icon next to the student to  
indicate inactivity. 

Recognizing that not every instructor uses Canvas, Elevate includes logic to make  
sure we are only comparing students within Canvas course sections where engaging  
Canvas is a consistent part of the course experience. For example, if a faculty member  
is not using Canvas at all, Elevate would only show a roster view with no icons.  

Elevate renders the Canvas activity data in three diff erent visualizations: 

• Rolling seven-day average.  Th is visualization considers the diff erent habits  
of students with how they engage courses. Some students might engage  
heavily during the week, some students might wait until Sunday to do most  
of their coursework. By having a rolling seven-day average Canvas activity  
metric, we can account for diff erences in when a student engages Canvas,  
providing a standard way to compare student activity to the course average.  
(See Figure 7.3.) 

• Cumulative  activity.  Th is visualization shows the fi ctitious average student 
activity from day one of the semester to the present, compared to the specifi c 
student we are exploring.  

• Daily  activity. A visualization that shows the number of Canvas actions  
taken by a student each day in a course.  

Th e onset of the COVID-19 pandemic presented a catalyst for engaging our  
Canvas data, which led to Elevate. Th e original concept for Elevate was to provide  
instructors a web-based application that included a few diff erent Canvas data  
visualizations, in order to help identify students who might be falling behind as  
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the entire University braced for courses being delivered online for an unknown 
amount of time. 

Th e fi rst high-fidelity mockups for Elevate emerged in the summer of 2020, 
as well as exploring different methods to visualize Canvas data that can lead to 
actionable insights. While working on Elevate, we continued to support an ear­
lier learning analytics application that is a collaboration between our  Teaching 
and Learning with Technology (TLT) unit and our advising community. When 
meeting with advising leadership, we showed them our early work on Elevate, and 
they quickly articulated how valuable something like this can be in the hands of 
advisers. While not our original audience, Elevate was pivoted to an adviser-facing 
tool with the appropriate design changes. By the start of the Fall semester of 2020, 
a small number of advisers were piloting Elevate. Throughout the Fall semester, 
Elevate was introduced to more advisers via training sessions in specific colleges or 
campuses. By the middle of the Spring 2021 semester, over 400 advisers from 15 
campuses used Elevate to explore Canvas data related to 2,800 students. 

While the dominant data source for Elevate is Canvas data, the tool also relies 
heavily on SIS data. Advisers can see in the same user interface information about 
a student’s current and past performance, semester standing, cumulative GPA, 
and course load beside information on how active the student is in their courses 
compared to other students in those same courses. These two data sources are fairly 
common to use in efforts around learning analytics. A new data source that proved 
to be relevant for this project was data from Starfish™, a tool that is in place to sup­
port advising across the University and a critical part of most advisers’ workfl ows. 
In order to make sure Elevate was not an application outside of existing adviser 
workfl ows, Elevate was designed to push data, specifi cally alerts for students with 
low or no activity in Canvas, directly into Starfi sh. This was very important to the 
adoption of Elevate, as it didn’t require a change in workflow and still allows for 
Starfish to be the primary tool used for advising. 

Throughout the last year, advisers are sharing interesting use cases regarding 
how Elevate provides new insights in specific situations and helps to frame how 
an adviser might engage a student in varying situations. A common example are 
students impacted by COVID, whether sick themselves, caring for a sick friend or 
family member, or facing challenges in quarantine. In one instance, a student fell 
ill to COVID and was diagnosed by a family physician, so the University had no 
way of knowing the student’s status. All the various COVID safety nets designed 
to assist students never sprang into action. This student’s adviser is an Elevate 
user and noticed that the student went from lower-than-normal activity in all his 
Canvas courses one week, to no Canvas activity the following week, prompting 
the adviser to reach out to the student. The adviser discovered the student was sick 
and was able to alert the appropriate instructors and help the student re-engage his 
coursework after missing nearly two weeks of classes in the middle of a semester. 
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Another anecdote from an adviser illustrates the value of having access to near 
real-time data, something advisers never had in the past. Like many universi­
ties, Penn State has points in time during semester in which instructors provide 
feedback to students as part of a progress reporting eff ort. This takes place within 
the Starfish application, so if an instructor flags a student for poor performance 
a third of the way through a course, the adviser sees that and can follow up with 
the student. In one instance, an instructor recognized a student was disengaging 
from her course and emailed the student multiple times, encouraging a visit to 
offi  ce hours. The instructor then alerted an adviser via Starfish that the student 
was showing signs of disengagement, prompting the adviser to reach out to the 
student. Unfortunately, the adviser also did not receive a response. Th e instruc­
tor and adviser got together over Zoom® to discuss next steps, when the adviser 
decided to examine the student in Elevate. Upon reviewing the Canvas activity 
data, it was apparent that the student was disengaged in the course based on very 
limited Canvas activity when compared to others in the class. Elevate also revealed, 
after receiving the most recent instructor email and email from the adviser, a large 
burst of Canvas activity from the student. This alleviated some of the anxiety that 
originated from no student response, as they could now visibly see the student was 
trying to re-engage the course and ended up doing so successfully. 

When leveraging data such as Canvas and SIS data, training end users on how to 
interpret the data is of critical importance. Introducing and consistently reinforc­
ing the notion of being data-informed in contrast to data-driven helps contextual­
ize how advisers can leverage the data. For example, just because someone shows 
low activity in Canvas does not mean they require a proactive message. Diff erent 
scenarios, such as a high-performing student working ahead in a course, can lead 
to Elevate triggering alerts. The adviser should consider all the other factors known 
about the student, such as historical performance, the personal relationship with 
the student, and most importantly, the adviser’s professional experience and intu­
ition when deciding to reach out to the student. When Elevate data do contribute 
to an adviser’s engaging a student, we advocate the adviser use information from 
Elevate (and all the other information sources used in advising) to ask the student 
probing questions, compared to bluntly stating something akin to, “I see you’re 
not very active in Canvas in your calculus class.” Advisers do not need to be sneaky 
about using Elevate, while at the same time relying too heavily on the data can 
result in misinterpretation or confusing messaging to the student. 

Ensuring that you can communicate a clear goal with your stakeholders is also 
vital to a project’s success. For example, as Elevate began to take shape, we did 
a “socialization tour” for three months, talking to specific administrators about 
Elevate, as well as various committees and task forces, such as our Faculty Senate 
and Strategic Planning committees. Engaging these audiences early, and with a 
clear message, helped them field questions about Elevate they received locally. 



Project Dimensions: Spectrum 

Purpose  Encourage refl ective teaching practices by providing a method 
 for instructors to explore aspects of their course that unfold 

across an entire semester. 

Audience Instructors, instructional designers. 

Data sources  Class recordings,  BERT (Google’s Natural Language Processing 
model). 

Risk factors Low risk. A small number of faculty voiced concern that a tool  
like this might be used to compare how faculty that teach the 

 same course differ from one another, both in pedagogy as well 
 as content. 
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Penn State Projects: Spectrum 

Table 7.7 Project Dimensions: Spectrum 

A colleague often refers to learning management systems as “learner” manage­
ment systems, commenting that the systems themselves do not provide much 
support for learning, though they do help a great deal in managing students 
through things like assignment dropboxes and gradebooks. Others make a simi­
lar observation about learning analytics: current work rarely measures learning 
and is more a proxy to a learner’s activity, as evidenced by clicks or records in a 
student information system (Kitto et al., 2020). 

Th e first two examples in this chapter represent more common uses of learn­
ing analytics, at least from a data source perspective, and are primarily proxies for 
learning and engagement. These projects are still incredibly valuable to our insti­
tution, though we have engaged a parallel path of learning analytics prototypes 
designed to help faculty design, deliver, and reflect on courses. Th ese include rec­
ommendation engines designed to help faculty create  Open Educational Resources 
(OER) such as textbooks (Pursel et al., 2019), recommendation engines to help 
instructors identify plausible distractors when writing assessments (Liang et al., 
2018), and tools to help instructors brainstorm in order to fi nd new, relevant con­
tent for inclusion in assignments, case studies, activities, and lectures (Pursel, 2018; 
Hellar et al., 2019). 

Our Spectrum prototype is designed to support student learning through catalyz­
ing instructor reflective teaching practices. If we can incrementally help instructors 
improve pedagogy through learning analytics, the end results are better  learning 
experiences for students. The primary data used by Spectrum are recorded class 
sessions. Spectrum takes a semester’s worth of class recordings, then sends them to 
the cloud for transcription. Once voice is transcoded to text, Spectrum leverages 
Google’s BERT natural language processing model to put meaning to the words 
and phrases uttered in each class session. At this point, a topic modeling approach 
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is employed across the entire dataset that represents a semester, identifying clusters 
of topics. Once the topic modeling is complete, Spectrum provides an instructor 
a visualization depicting the entire semester, illustrating the various collections of 
topics discussed in the semester, and how those topics are distributed within classes 
as well as across the entire semester. (See Figure 7.4 on following page.) 

This visualization is designed to support reflective teaching practices, helping 
to uncover patterns across the semester. When visualizing one instructor’s course, 
he found Spectrum useful in comparing his identified learning objectives covered 
in the course to the topic areas identified by Spectrum. He was specifi cally look­
ing to see if each primary learning objective was receiving equal attention in the 
course. Through Spectrum, it was clear that some of the broader objectives were 
receiving much less time from a lecture and discussion perspective compared to 
others. Another faculty member was interested in exploring the notion of interleav­
ing, which deals with how an instructor makes connections between seemingly 
different topics, which is a valid method to help students learn and retain complex 
information. In both cases, Spectrum provided insights that led to minor revisions 
to the courses. 

In addition to topic modeling, Spectrum has similar visualizations for model­
ing certain types of language such as questions. Figure 7.5 illustrates a visualiza­
tion where each blue line represents a point in a class where a question was asked. 
Spectrum can’t differentiate between who asked the question or if it was rhetorical, 
just a high likelihood of a question being asked. 

As we worked with a faculty member tasked with redesigning his course, this 
visualization led to several decisions to redesign specific parts of the course. First, 
one class session had a rather large number of questions in comparison to the other 
class sessions. The instructional designer observed that students must have been 
highly engaged that day. The instructor thought for a moment, then indicated 
those questions represented confusion. He was able to reflect that the weekly quiz 
grades were below average for this content and that students found this content 
to be some of the most challenging in the course. This led to splitting that con­
tent area over two course periods, with new activities to help the students better 
understand the material. Later in the same course, one class session had almost no 
questions, which again was abnormal to the pattern of questions through most 
class sessions. When prompted why, the faculty member chuckled, indicating this 
is his personal area of research, and he’s so excited to talk about it he doesn’t give the 
students time to ask questions! This led to more intentional breaks in the content 
during that section, to solicit student questions and encourage engagement. 

One of the last visualizations in Spectrum is a speaker analysis, shown in 
Figure 7.6. When put in front of a small number of faculty, this visualization 
appears to help with reflecting on pacing. For example, one instructor observed 
getting off to a good start in the semester in terms of student engagement during 
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class, seeing that his in-class activities were driving great discussion. Th en, as 
the semester progressed, class sessions with more than a primary and secondary 
speaker diminished. This led to the faculty member’s more intentionally creating 
in-class activities specific to content later in the course to try and maintain a high 
level of student engagement via the activities throughout the semester. 

While a project like Spectrum may not come with as many privacy and ethi­
cal challenges as Elevate, some faculty are concerned it could be used to compare 
their teaching to their peers, particularly those that may teach the same class. 
Depending on your university’s culture, this could be viewed as an infringement 
on academic freedom and faculty autonomy. For example, if a department head 
could use Spectrum to compare three instructors teaching the same course, they 
may use the data to dictate to one faculty member to conform more closely to how 
the other two faculty members are teaching. On the other hand, we do have groups 
of faculty members who, on their own accord, plan to use Spectrum for a similar 
purpose: to compare how each teaches their version of the course, identify similari­
ties and differences, and collectively come together to make iterative improvements 
based on the experiences of each individual teacher. 

Conclusion 

For institutions that are struggling to establish a data-informed decision-making 
culture or are in the early phases of launching learning analytics initiatives, we 
hope that this chapter offers some practical recommendations. First and fore­
most among these recommendations is to establish institutional values or guid­
ing principles related to learning analytics as early as possible. Th ese high-level 
principles will help to orient all subsequent efforts and create logical opportu­
nities for collaboration, even at large and complex universities. Be prepared to 
engage individuals and offices at your institution that might be foreign to you. 
When we began, our privacy office, education equity office, and ethics research 
center represented units we hadn’t engaged in the past. Individuals from these 
offices are now vital collaborators on nearly all our projects. Additionally, we 
strongly recommend institutions mature mindfully. Penn State has benefi ted 
from a very measured and reflective approach, using limited-scope, low-risk 
projects as a starting point and deliberately translating early lessons into the 
basis of more complex initiatives. Consider reviewing outdated policies and pro­
cedures that govern data use that don’t align with modern challenges in higher 
education. But do so in a way that prioritizes privacy assurance and security and 
promotes ethical behavior. Learning analytics does not need to rely on expen­
sive technology platforms or massive efforts to solve enterprise-wide problems. 
Making better decisions with data is achievable by all institutions. 
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Chapter 8
 

The Benefi ts of the 
‘New Normal’ 

Data Insights for Improving Curriculum 
Design, Teaching Practice, and Learning 

Deborah West and Pablo Munguia1 

Abstract 

The Covid-19 pandemic has accelerated and significantly changed the learning 
and teaching environment to create a ‘new normal’. In this chapter, we discuss 
how pedagogical frameworks and theories need to shift and incorporate online-
only modalities and how we can measure and evaluate teaching eff ectiveness 
and student progression, engagement, and belonging. Using the Community 
of Inquiry learning framework and learning analytics, we describe how we can 
construct questions, hypotheses, and testable variables to understand learning 
and teaching in this new space. We propose that a new framework may be 
needed to expand from the Community of Inquiry to provide a more holistic 
view of the student experience—which includes program curriculum design, a 
different sense of belonging for students—and recognize the learning challenges 
caused by distractions. 

1 Flinders University, Bedford Park, SA, Australia, 5042 
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Keywords: Learning analytics, community of inquiry, COI, online learning, teach­
ing framework 

Introduction 

Online learning has made significant progress in the last 20 years, providing 
increased flexibility and accessibility for larger and more diverse cohorts of stu­
dents. However, the outcomes have not been equal to campus-based experiences. 
Various studies have shown that student retention is lower and the student expe­
rience is generally poorer for students studying online (Sorensen & Donovan, 
2017; Bawa, 2016). However, the reasons for this have been heavily debated, with 
possible factors including a higher percentage of equity students being enrolled 
online, less academic preparedness, time constraints, limited effective use of tech­
nologies, and the idea that students online can feel isolated and unsupported 
by their teachers and/or peers (Dekker, Pechenizkiy & Vleeshouwers, 2009; 
Frankola, 2002; Rivera & Rice, 2002; Diaz, 2000). While much has moved on 
since that time, there continues to be some discrepancy in the student experience. 

Students often provide feedback about their university experience, which helps 
shape strategic institutional improvements. For example, the Student Experience 
Survey, funded by the Australian government, seeks responses from all higher 
education students in Australia to gauge their experience of study (see Quality 
Indicators for Learning and Teaching, 2020). It is structured into five scales made 
up of various items which gather students’ views on skills development, learner 
engagement, teaching quality, student support, and learning resources. Th ese data 
show over time that while there is little difference between internal/mixed study 
mode and external (online) study mode in relation to quality of the entire educa­
tional experience, some metrics are quite different—in particular, learner engage­
ment, which is made up of items related to feeling a sense of belonging, being able 
to participate in discussion, interaction, or collaboration with other students— 
shows a signifi cant difference, generally in the range of 40% less agreement for 
external students compared to on-campus students in the years from 2016 to 2019. 

However, in 2020, the percentage of agreement dropped considerably for 
students who were enrolled in an on-campus course, which coincided with the 
Covid-19 pandemic, further reinforcing the idea that the online experience is less 
positive in relation to these items. Understanding and unpacking the reasons for 
this online experience are critical to making improvements. This chapter provides 
a framework for how we can measure and evaluate teaching eff ectiveness and 
student progression, engagement, and belonging, utilising a robust and theoreti­
cally grounded approach. This requires attention to various aspects or levels (i.e., 
teaching practice, assessment, curriculum design) of the experience, drawing on 
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key theoretical bodies of knowledge. This will both leverage and inform the move 
to the ‘new normal’. 

While most universities have harnessed the benefits of educational technol­
ogy, this has predominantly been to enhance face-to-face teaching or provide a 
‘blended’ model. Up until early 2020, a relatively small number of institutions 
globally actively pursued the fully online model, including developing the full 
range of institutional capabilities necessary to deliver fully online courses for 
students. Where this has occurred and been done well, consideration is given 
to instructional design for online learning as well as transition of all student 
support services into an online and broadly accessible format, including library, 
academic language, literacy and numeracy support, tutoring, IT and platform 
helpdesks, and health and counselling services. However, the knowledge, skills, 
and expertise required to provide high-quality, fully online delivery and service 
has typically been scarce in most institutions in both faculty and professional sup­
port staff (Bawa, 2016). Additionally, while some good work has occurred over 
the years related to curriculum design and pedagogy for fully online education, it 
has remained limited, with a small audience. However, the Covid-19 pandemic 
has disrupted the ‘normal’ paradigm. 

In the last 18 months, universities globally have made an emergency transition 
at scale to online teaching, providing study continuity for students and to remain 
financially viable. Due to the global pandemic, this was done in a very short space 
of time, and in the vast majority of cases, courses were transitioned in a way which 
reflected the urgent need, resulting in emergency remote teaching rather than inten­
tional design for online learning (Hodges et al., 2020). While not optimal in design, 
the forced move to online learning has resulted in a rapid upskilling of staff and an 
increased amenability to online learning. Additionally, a transition took place in 
relation to student support services. With this upskilling of staff and broader societal 
disruption to work and life, tertiary institutions are now considering how some of 
the benefits of online learning might be incorporated into the ‘new normal’. 

This shift to emergency remote teaching and the new view of what is possible has 
also created an opportunity to harness the potential of learning analytics. Learning 
analytics can be defined as, “. . . the measurement, collection, analysis and report­
ing of data about learners and their contexts, for purposes of understanding and 
optimising learning and the environments in which it occurs” (Long & Siemens, 
2011, p. 34). This is a relatively new field, which draws together a range of disci­
plines which come from three different philosophical paradigms: science, cogni­
tion, and learning (Munguia & Gibson, in review). The bringing together of these 
three fields is critical with the application of data science to educational design 
and learning. The development of this transdisciplinary field has been somewhat 
limited, both due to being a new field, but also because complex insights require 
a range of appropriate data which is reliant on the use of educational technology. 
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In higher education, particularly in relation to online education, there is con­
siderable work to be done to understand effective curriculum design and teaching 
to optimise learning. Much of the teaching that occurs continues to be based on 
traditional understandings of education or, in fact, tradition itself. While the last 
20 years has seen a trend to educators as facilitators or guides, this has been slow 
to occur. The traditional lecture/tutorial model is still firmly in place in most insti­
tutions and was largely replicated during the emergency remote teaching period. 
Yet, the advent of educational technology, along with shifts in society, suggests 
a need to move to a new model of education (West & Th ompson, 2015). While 
instructional design expertise has evolved, models for online education based on 
educational theory, and subsequently robustly tested, has been lacking. 

A significant exception to this has been the  Community of Inquiry (COI) model, 
which has been developed for online education (Garrison, Anderson & Archer, 
1999; Anderson et al. 2001; Garrison & Anderson 2003; Garrison & Arbaugh 
2007; Garrison et al. 2010). Explicitly based on a social constructivist approach, it 
has three domains—social presence, teacher presence, and cognitive presence— 
each with a set of empirically tested items. In essence, this brings together two key 
paradigms: cognition and learning. Some work has also been done with this in 
relation to learning analytics. For example, Moodle® (2021) has done some work on 
identifying a range of indicators based on the COI model; however, this does not 
yet appear to have been tested. However, both the COI and the testing focuses on 
teaching practice within a subject/course rather than at the degree/program level. 
The learning design elements also remain implicit in items rather than explicitly 
being called out even at the subject/course level, meaning that there is no explicit 
connection to curriculum design or teaching practice at the degree/program level. 

Similarly, assessment practices have remained largely static and traditional, 
despite the affordances of technology (Sweeny et al., 2017). Th is international 
study, which reviewed published journal articles on the use of technology in and 
for assessment practice, found that the use of technology in a way that could be 
seen as ‘transformative’ was limited. Rather, the majority of cases reported trans­
ferring traditional assessment practices into a technological environment. While 
these did enhance functionality or efficiency, it did not show a substantive shift 
from traditional approaches of assessment. Yet, these traditional approaches are 
not necessarily seen as the most effective way to assess learning outcomes in a way 
which can translate to the workplace (JISC, 2016). Additionally, it is noted that 
assessment transformation needs to be based on a research-informed approach and 
critical evaluation (Elkington & Evans, 2017). 

Both educators and students are interested in what learning analytics can bring to 
education (Luzeckyj, A., 2020; West et al. 2019; West, Luzeckyj et al., 2018; West, 
Tasir et al., 2018; West et al., 2015; Corrin et al. 2016; Ifenthaler & Schumacher, 
2016) in relation to both curriculum design, teaching practice and assessment. 
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Studies have identified that teaching academics are interested in the insights that 
might be provided to improve curriculum design, teaching practice, student reten­
tion (Colvin et al., 2016; Lawson, Beer, Rossi, Moore & Fleming, 2016; Liu, Rogers, 
& Pardo, 2015; Marbouti, Diefes-Dux, & Madhavan, 2016; Sclater & Mullan, 
2017), student success (Fritz & Whitmer, 2017; Li & Tsai, 2017), assessment 
(Fidalgo-Blanco et al., 2017; Knight, Shibani & Buckingham-Shum, 2018). Studies 
undertaken by West et al. (2015), West, Luzeckyj et al. (2018), and West, Tasir et 
al. (2018) analysed responses from 353 Australian teaching academics in relation to 
how they thought learning analytics could help improve the educational experience. 
The highest response rates were related to evaluating teaching practice, improving 
student retention, students monitoring their progress and taking action, and under­
standing how learning could occur (West, Luzeckyj et al., 2018). 

The data from these projects (West, Luzeckyj et al., 2018; West, Tasir et al., 
2018) was subsequently mapped to the COI and showed that teaching academics 
in Australia were particularly interested in items that mapped to cognitive and 
social presence, while Malaysian academics were more interested in teaching pres­
ence items. There were no responses from academics that could not be mapped 
to the COI, suggesting that is it a useful framework for learning analytics work 
related to curriculum and teaching improvements. 

Students are also interested, although cautious, in relation to how learning 
analytics can support their learning (West, 2019; Brooker et al., 2017; Khan, 2017; 
Ifenthaler & Schumacher, 2016; Roberts et al., 2016; Fisher et al., 2014). Students 
thought that learning analytics could be useful to help them improve their learning 
(West et al., 2019). They were particularly interested in having reports or informa­
tion provided to them which would provide prompts about additional learning 
materials, progression through learning materials, and additional services. Th ey 
were also generally positive (over 90% agreement based on a sample of 2017) about 
this being based on assessment grades (West, 2019). 

Of course, the use of data in any context raises ethical considerations related to 
privacy (Tsai et al., 2019; Jones & VanScoy, 2019; Reidenberg & Schaub, 2018; 
Pardo & Siemens, 2014), informed consent (Howell et al., 2018; West et al., 2018; 
Ifenthaler & Schumacher, 2016; Lawson et al., 2016; Prinsloo & Slade, 2016), 
transparency (Klein et al., 2019; Jones & VanScoy, 2019; Ifenthaler & Schumacher, 
2016; West et al., 2016; Slade & Prinsloo, 2014) and ethical application (Tsai et al., 
2019; West, Huijser & Heath, 2016; Drachsler & Greller, 2016; Slade & Prinsloo, 
2013). Studies have shown that both academic staff (West et al., 2015) and students 
(West et al., 2019; Arnold & Sclater, 2017) are concerned about the ethical use of 
data. However, the Australian study (West et al., 2019) indicated that students 
were reasonably comfortable with data collected in relation to their studies being 
used to improve their educational experience and outcomes. Key elements to con­
sider include providing information and reminders about the data collected and 
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how they will be used, providing data security, and not sharing data with third 
parties. Additionally, students were more comfortable with data directly related 
to their educational experience being used to improve the learning and teaching 
experience. 

The ‘new normal’ provides an opportunity to apply learning analytics to sig­
nificantly improve online learning. While many students will likely go back to an 
on-campus experience, there is also evidence to suggest that a blended model and 
fully online model will be part of the new landscape. This will mean that more 
complete data sets will be available to apply data science techniques to improve 
the experience, quality, and outcomes for students. With more students studying 
in these modes, the impetus to improve the outcomes is also likely to be stronger. 

The key themes that emerge, however, are the need to look at multiple levels of 
practice from the subject/course to the degree/program and up to the university 
experience level. Additionally, consideration needs to be given to both the teach­
ing practice and the curriculum design, which is based on educational theory and 
paradigms. With this framework, one can then turn one’s attention to the use of 
data science to provide key insights into both learning (cognition) and education. 
These insights and a research-informed approach can inform a ‘new normal’, which 
has improved outcomes and flexibility for all. 

Testing the Benefits of the New Normal 

Learning and teaching activities in the new normal still require an empirical 
understanding of the relationships between teacher, learner, and the curricu­
lum driving the learning ecosystem. While the new normal requires a robust 
pedagogical framework to describe learning and teaching practice in an online-
dependent world, as discussed above, there is also a need to measure and evaluate 
the three points of the COI and the interactions between them (see Figure 8.1). 

We assume that, because of the 2020 disruption, only two modes of curricu­
lum ecosystems will be in existence in the near future: online only and a blended 
modality with online and F2F components. Therefore, whenever we rely on 
creating or modifying curricula using evidence, we need to compare these two 
ecosystems, as this provides a powerful contrast. Comparisons at this level test 
the null hypothesis that online modality does not differ from the blended modal­
ity, forcing assessors to unpack alternative explanations to understand deviations 
from this null hypothesis. Deviations arising from this initial comparison require 
clear articulation of the question being addressed and a good understanding of the 
variables used to address the question. 

The next two sections will focus on variables and testing methods, and here we 
will discuss the types of questions that can drive our reflection surrounding the 
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Figure 8.1  Heuristic Model Emerging from the Community of Inquiry Framework.  
Showing the relationship between the curriculum design, teaching practice, and tools  
for assessment and engagement. In (gold) are the domains of the engineering phase,  
facilitating phase, and evidencing phase in the process.  

new pedagogical framework and theory. These sample questions are not meant to 
be prescriptive, rather stimulating. 

Questions that interrogate and help evaluate teaching practice can be orga­
nized systematically to include the broad aspects of online learning and teaching 
(Table 8.1). At the highest level, we can articulate questions about the learning 
ecosystem. In the new normal, where things are online, the ecosystem can refer 
to the  Learning Management System (LMS) (or any other platform that is for 
student-teacher-subject content engagement). We suggest that questions about the 
ecosystem are structural in nature and are useful to inform the teaching landscape 
for comparative purposes, establish testable hypotheses, and help refl ect on best 
ways to organise the ecosystem (Munguia et al., 2020a). For example, Canvas LMS 
courses have a series of pages (or modules) to organise course content (Munguia et 
al., 2020b). By knowing how individual courses present their content and how they 
integrate learning resources within disciplines and across disciplines, academics 
can share their insights without judgement and help ask the question, for example, 

“Why do I need to structure my course this way in the LMS?” 
Questions surrounding the teaching material are discipline specific and should 

focus on the best way to present information for students to learn. Teaching mate­
rial can include the usage of educational tools. These questions need to address 
whether teaching is synchronous or asynchronous, as the time between a student’s 
interrogating the material and asking questions about it may have a delayed 
response from the instructor, potentially affecting learning. Further, material 
should be easily digestible online. Therefore, questions are strongly linked to the 
discipline and the teaching theories associated with the discipline. Using the COI 
could stimulate greater student–student interaction. 

Teacher engagement is the next level that should be considered once an under­
standing of the learning ecosystem and the content structured has been refl ected 



 
 
 
 
 

 
 
 

 

  

Question Level Question Type Evaluating Structure 

 Learning  Structural, associated with  The evaluation endpoint is 
ecosystem LMS design  hypothesis creation—e.g., highly 

 structured content should be 
 more accessible than unstructured 

information.  

Teaching mate- Content accessibility  Are there content bottlenecks 
 rial (content  and ease of absorption, affecting curriculum delivery? 

structure) relative to synchronous and 
  asynchronous teaching 

 Evaluation of student progress 
 through content and ability of 

 students to synthesize across 
 content. 

Teacher   Is the teacher engaging with  What is the teacher response time 
 engagement their students, acknowledg­

 ing learner diversity? 
to student inquiries? Does teacher 
engagement stimulate learner 

 engagement? 

 Student 
 engagement 

Dynamic questions: How 
are students progressing  

 through content? 

 What is the student trajectory 
through content, and what are the 
sizes of the pauses? 

Academic   Relational questions: from  Understanding the added value of 
support (cor­  which learning activity support within a course, and when. 
relations and  students engage with  For example, are students more 
assumptions)   academic support?  likely to engage with support 

after the fi rst assessment or with a 
 resubmission? 
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Table 8.1 Evidence Levels, Questions, and Evaluating
  
Approaches Needed to Test the Pedagogical 


Framework in the New Normal*
  

* We are constraining each level to a single example. 

upon. How are teachers engaging with learners and facilitating the course? In 
passive teaching, such as lecturing, engaging teachers were usually those that were 
good orators and could spin stories into the content (Novak, 2011; Davies et al., 
2013). In an online world, where material is often digested in isolation by students, 
teachers need to incorporate other engagement approaches, and these in turn can 
be measured and evaluated. 

Student engagement was measured by early learning analytics practitioners as 
time on task (Kovanović et al., 2015), with one hypothesis being that the greater 
time on a task, the greater the engagement by the student. However, this has 
proven problematic for several reasons (Kovanović et al., 2015; Ferguson & Clow 
2017). Student engagement can be more easily seen either as single events at dif­
ferent times in a semester, where different patterns are explored (Munguia et al., 
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2020a), or how students navigate across material and the latency patterns they 
exhibit. For example, when accessing a particular LMS page, where do students go 
next? In the past, students used to physically enter a learning environment, whether 
it was enter a classroom, arrive at a campus, or open a book. Engaging with an 
online environment is quite different—opening a file, playing a video, navigating 
an LMS—which may require a different way to understand engagement with 
academic information (Brennan et al., 2019). 

Universities often offer academic support and resources to complement and 
enhance academic skills, such as writing and critical thinking. The creation, deliv­
ery, and engagement with these resources and services needs to be addressed in 
conjunction with the learning activities within a learning ecosystem, if possible. 
These services may be generic in nature (e.g., writing support across faculties) or 
bespoke (e.g., high level mathematics), yet interrogating its value can be benefi cial 
if questions are associated with the learning ecosystem. 

Variables and Proxies 

With the emergence of learning analytics and online platforms that capture very 
granular activity patterns, the data available to evaluate pedagogy is exponen­
tially increasing, and the challenge has been to identify variables and proxies 
that are meaningful with expected levels of accuracy and precision (Taylor & 
Munguia, 2018; Munguia & Brennan, 2020). Variables need to be clearly iden­
tified when formulating questions, as this allows for a clear construction of a 
hypothesis to be tested. Here we will focus on differentiating between variables 
that describe a specific activity and proxies that help us understand activities that 
cannot be directly measured. 

Variables can either be static events or represent dynamic activities. For example, 
attrition is a static metric that identifies the endpoint of an event (leave or continue 
with studies) and are often transactional in nature (e.g., activities completed by a 
student). Comparisons of such metrics are useful to identify initial patterns (e.g., 
course X has greater attrition than course Y). In contrast, dynamic variables are 
reflecting changes in activities within a defined amount of time or space, and these 
events may be associated with performance and acquisition of learning skills (e.g., 
difference in performance between first and last assignment is measuring a rate 
of change). For example, consider these two variables: submission time relative 
to deadline (measured in hours) and change in submission times between fi rst 
and last assignment. Submission times can be negative or positive depending on 
whether submissions were before or after the deadline. Th e first variable measures 
a level of time management regarding assignments and the second whether time 
management has improved. 
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Proxies are often necessary when there is no clear measurement of an activity, 
and proxies often rely on assumptions that need to be tested to be validated. For 
example, ‘student engagement’ is hard to measure as such, as engaging in the 
online space can vary depending on how the variable is measured, and it may 
not be reflecting actual engagement (Kovanović et al., 2015). Th erefore, proxies 
become suitable approximations that describe a mechanism, and often proxies can 
be a synthesis of diff erent variables. 

Synthesising variables can inform us about change in student perception, about 
studying, and about their actual studying patterns. For example, Brennan et al. 
(2019) combined a series of static variables associated with LMS information mate­
rial (e.g., watching videos, downloading PDFs, engaging in discussion boards). 
The synthetic variable helps describe the behavioural trends when accessing LMS 
information and allows us to understand the common and rare patterns of engage­
ment across the student body. 

When comparing these synthetic patterns of engagement between the early and 
late moments in a semester, we can ask questions about changes in behavioural pat­
terns and start exploring mechanisms driving these changes (Brennan et al., 2019). 
These data can be shared with students to work on reflection of student skills in 
class, helping them prepare for university studies. Another example would be rely­
ing on the total number of posts greater than × words within the course discussion 
board as a proxy for the level of engagement with peers and content (e.g., Ezen-Can 
et al., 2015; Chen et al., 2018). 

Finally, variables can complement each other when measuring patterns at dif­
ferent scales. The combination of within-classroom events and among-classroom 
events allows for understanding of curriculum design and eff ectiveness from 
first-year studies to graduation (Raji et al., 2017; Munguia & Brennan, 2020). 
Program-level approaches and variables often focus on demographic variables and 
performance to predict students’ finishing programs (Golding and Donaldson, 
2006; Jeff reys, 2007). 

However, variables measuring progression, repetition, dropouts, and graduation 
can be coupled with variables measuring activities within a classroom, and when 
mapped against the curricula, we can better understand the quality of teaching 
and the student experience. The metrics that commonly provide us insights into 
the university experience include direct student feedback via surveys deployed at 
the start and end of any program, and these can be treated as a dynamic variable. 
For example, sentiment statements describing greatest perceived challenge in a 
university at the start and end of the program can be a proxy for the level of pre­
paredness to undertake a degree at the start and end of the program. Th ese two 
variables are analysed using a frequency histogram to understand sentiment at the 
cohort level. 
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Digging Deeper: How to Separate Curriculum, 
Assessment, and Teacher Effects on Learning 

Online learning and teaching are often informed by a large number of events 
and variables, and it is often easier to understand a single variable in isolation 
than the broader picture. For this reason, transactional variables (e.g., number of 
students attritting or number of students graduating), and questions surround­
ing these variables (e.g., which programs have the greatest attrition or gradua­
tion rates) are often the most common ones (e.g., Massy, 2016; Munguia, 2020). 
Therefore, if tests have a hierarchical nature, we can test the effects of events in 
isolation and how these effects change when combined with other parameters. 

Using two dimensions of the COI, we can create an example of how these tests 
can be set up. We may be interested in the intersection between the teaching pres­
ence and the cognitive presence from the student (Garrison et al., 1999) in the 
online environment; therefore, we need to understand the variables associated with 
each presence in isolation and then test the interaction between the two. 

Questions surrounding the teachers’ dimension could be (a) how the curricu­
lum is structured in the LMS, measured in information items (videos, references, 
and LMS pages, and a composite variable can be used to describe the combination 
of these); (b) when and how discussion opportunities are created, measured in 
number of discussion prompts, and time allotted for each discussion (assuming 
synchronous teaching); and (c) how many content elements are used in an assess­
ment piece, measured as a proportion of ideas/elements relative to the content 
material until the assessment date. Questions surrounding the students’ cognitive 
presence could be (1) how students engage with information (sensu Brennan et al., 
2019) using synthetic variables describing the diversity of engagement patterns; (2) 
distance from submission to assignment due date measured in hours; and (3) num­
ber of academic learning support resources accessed before the assessment due date. 

Next, each of these elements would require a hypothesis that describes potential 
mechanisms driving each pattern. Recognizing that there are six diff erent ques­
tions, a systematic list of all possible outcomes is needed—for example, if teaching 
presence is strong (i.e., a–c reflect strong teacher agency), should we expect strong 
student cognitive presence (1–3)? If not, why not? Clearly stating the questions and 
the measured variables will therefore allow us to understand the teacher–learner 
dynamic in the online space. 

This process may take several iterations and can be compared with overall 
student outcome in terms of continuing engagement with the course and per­
formance in the subject and the student sentiment. And most importantly, the 
ultimate comparison is with a blended teaching environment to understand how 
the new normal operates relative to the current state. 
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The hierarchical approach to asking questions and seeking answers with data 
may allow practitioners to build the new normal learning and teaching framework, 
test it, and refine it (see Figure 8.2). This new framework can easily build upon 
the within-classroom COI and connect it with associated courses, expanding to 
elements of student progression, student belonging, and the learning headspace in 

Figure 8.2 The New Normal Theoretical Framework for Online-Only Learning and 
Teaching. (a) Each circle represents an online subject/course, and connecting lines 
represent co-enrollments. The triangle inside a course represents the COI framework 
and L&T frameworks, which often focus at the within-course level. The new normal 
framework incorporates three key elements and identifi es their challenges: (b) Sense 
of belonging in an online space. Belonging tends to decrease as the distance from a 
physical institution decreases, and the challenge is to uplift in an online environment. 
(c) Incorporating everyday life. In a physical L&T space, there are distinct boundaries 
that help students maintain focus: get to campus, walk into a classroom, walk into 
a library, open a book with your hands. A virtual space lacks these physical actions, 
and the challenge is to incorporate outside distractions to improve focus (rather 
than forcing isolation). (d) Learning analytics to help refl ect and improve teacher and 
student agency, interactions, and curriculum design and delivery. Where each circle 
represents a course in this landscape. 
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the online academic world. We argue that this approach will facilitate the identi­
fication of stronger connections between curriculum design and assessment and 
between teacher and student agency through learning analytics. 

Conclusion 

Do we need a new theoretical framework for this pedagogy? As discussed above, 
most existing theoretical frameworks and teaching practices reflect a more tradi­
tional model of learning and teaching, which does not translate well or leverage 
the online environment, which is the ‘new normal’. The COI is a robust model 
that guides and informs teaching practice within an online classroom setting, 
which provides a strong structure to utilise data to explore teaching practice 
at the level of a subject/course. However, in an online world, a new theoretical 
teaching framework is required, or existing ones need to be enhanced to accom­
modate new challenges (refer again to Figure 8.2). 

First, how students develop a sense of belonging to an institution, degree, and 
subject unit, given that there is no face-to-face interaction in the virtual university 
(LaPointe & Reisettter, 2008; Delahunty et al., 2014) and how this impacts their 
overall experience. 

Second, there is a need to incorporate program/degree-level curriculum struc­
tures to explore relationships between how teaching and learning in a single 
subject/course relates to others in the program and how these build to program/ 
degree learning outcomes (Munguia & Brennan, 2020). Without the face-to-face 
component online, it is paramount that we strengthen the relationship between 
subjects from a student perspective to support learning and outcomes. 

Additionally, the theories themselves need to be tested in this new environment. 
We would argue that data science approaches, together with theory from learning 
sciences and education, provide the framework to do this. However, it requires 
clarity in relation to theoretically informed questions at the various levels. Th is can 
both support the improvement of the ‘new normal’ experience and also inform 
pedagogical frameworks which both reflect and inform this environment. 
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Chapter 9
 

Learning Information, 
Knowledge, and Data 
Analysis in Israel 

A Case Study 

Moria Levy1 and Ronit Nehemia 2 

Abstract 

Adapting to the 21st century requires new skills and capabilities. Any state will­
ing to make a thorough change to its system should begin with education, pre­
paring the students to be better future citizens by leveraging themselves and the 
organizations and businesses they will eventually work in. Israel, as similar to 
other countries, has technology and knowledge as her main economic drivers. 
Not without reason, Israel has been named many times as “a startup nation.” Th e 
Israeli Ministry of Education, research institutes, and educational core suppliers 
continuously invest in research, strategy teams, and entrepreneurship-nurturing 
initiatives, enabling both top-down and bottom-up updates of educational pro­
grams. Thus, 18-year-old students entering adult life would be prepared with 
the skills and tools to adapt their learning and thinking to what’s required of 

1 Bar Ilan University 
2 Ministry of Education, Israel 
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them. This chapter discusses a case study in Israel that addresses key skill sets 
that students need to possess to be successful in their adult life. 

Keywords: Data analysis, knowledge management, K12, 21st-century skills, digi­
tal information, ICT, data integration, data management, visualization, knowl­
edge nation, knowledge engineering, the future worker 

Introduction: The 21st-Century Skills 

Many researchers are challenged with exposing the skills required of future 
workers. The ingredients of such a formula are of interest to all those who seek 
academic or business competency and want to prepare and excel as a society, 
nation, or organization. Bell (2010) analyzed the  Project-Based-Learning (PBL) 
idea. Implementing PBL in schools can help students develop questions and 
guide them, under the teacher’s supervision, to create and share projects related 
to their research. Through this approach, they can develop the required 21st­
century skills such as using technology as a means of increasing information 
fluency via computers, communication, and social interactions leading to col­
laboration and high-order thinking that is key to problem solving. 

Rotherham and Willingham (2010) claimed that the required skills for the 21st 
century are not anything new and refer to the same list of required skills found in 
other studies: critical thinking, problem solving, and mastery of different kinds of 
knowledge. They argued that knowledge and skills are intertwined and should be 
taught in combination (Rotherham & Willingham, 2010). 

Voogt and Roblin (2010) conducted an in-depth analysis of 32 research works 
investigating 21st-century skills. The major findings can be summarized as follows: 

“First, it is encouraging to see that—ultimately—the frameworks seem to converge 
on a common set of 21st century skills (namely: collaboration, communication, 
ICT literacy, and social and/or cultural competencies (including citizenship). Most 
frameworks also mention creativity, critical thinking and problem solving)” (p. 1). 

In his work, Wagner (2008) defined the seven survival skills as follows: 

1. Critical thinking and problem solving 
2. Collaboration across networks and leading by infl uence 
3. Agility and adaptability 
4. Initiative and entrepreneurialism 
5. Effective oral and written communication 
6. Accessing and analyzing information 
7. Curiosity and imagination 
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Van Laar et al. (2017) referred to digital competence as a required skill in the 
knowledge society, which includes “information management, collaboration, com­
munication and sharing, creation of content and knowledge” (p. 578). 

Ananiadou and Claro (2009) reported the fi ndings as learned from 18 OECD  
countries and suggested a framework conceptualizing the learned 21st-century  
skills and competencies, which are as follows: 

1. Information  dimension 
a.	  Information as a source: searching, selecting, evaluating, and organiz­

ing information 
b.	  Information as a product: restructuring and modeling information;  

development of own ideas and knowledge
 2.  Communication  dimension  

a.	 Eff ective communication: sharing and transmitting information and 
knowledge, including processing, transforming, formatting, and  
presenting 

b.	  Collaboration and virtual interaction: both within and among schools. 
3.  Ethics and social impact dimension 

a.	 Social  responsibility 
b.	 Social  impact 

To conclude, 21st-century skills, as determined from the literature review, 
include information management skills (searching, analyzing, processing, and 
presenting); knowledge management skills (sharing, communicating, collaborat­
ing); cognitive skills (critical thinking, problem solving, and creativity); social 
responsibility skills; and ICT literacy. 

Developing the Digital Information Discovery 
and Detection Programs 

Planning for future needs is key in all educational systems worldwide. To set the 
infrastructure for future studies in Israel, the Ministry of Education initiated 
several new programs in 2014. Naturally, some were hardware and software 
oriented; however, the Ministry decided to also design programs to answer the 
need for 21st-century skills in additional dimensions, understanding that the 
required skills go beyond merely computers and robotics. This gave birth to 
the pioneering Digital Information Discovery and Detection Program, which 
aimed to address creative and high-order thinking students. The three-year pro­
gram included theoretical studies, laboratory work, and a final one-year project, 
covering five of the following clusters: 
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a. Internet and social media 
b. Coping with foreign languages 
c. Information studies and informatics 
d. Knowledge sharing, knowledge retention, and knowledge development 
e. ICT and cyber basics 

The program was designed in conjunction with leading experts in the informa­
tion, knowledge, and cyber industries, providing a holistic and integrated approach 
to information and knowledge. Its planning took into consideration the new disci­
plines that were important for preparing the students for the future content, skills, 
and ways of education while adjusting the materials to the context of 15- to 18-year­
old students. The program was initiated in 2016 with eight schools and classes. 

Upgrading the Program: Data and Information 

As with new programs, the digital information discovery and detection program 
had its share of issues. In the first year, the cyber component was overrated and 
over-branded, misleading the audience of the program and driving away some 
dissatisfied students and parents interested in cyber programs. Other problems 
had to do with the education of teachers with regard to the new disciplines. Even 
though the knowledge management community volunteered to help and mentor 
the teachers, educating the teachers in knowledge management topics turned to 
be a challenge, ending with non-uniform teaching and subpar results. Th e new 
program didn’t catch on; several hundreds of students took part in the program, 
but a critical number of schools decided against implementing it. 

Studying information, knowledge, and data analysis has been gaining interest 
in recent years due to the unimaginable amount of data that is being collected 
each second. On the educational level, these disciplines are gaining popularity, 
with several reports emphasizing the importance of data sciences in pre-university 
education. Therefore, in 2018, the Ministry of Education decided to upgrade the 
program to studying information, and the subsequent actions were taken. 

A new team was assigned, and the “why” of the program remained the same: 
Israel wishes to prepare students for 21st-century skills by establishing the best infra­
structure for young people entering organizations and serving as wise citizens. Th e 

“who” was updated: The audience is talented, top-class students (math, English, and 
literacy), and the “how” and “what” (Sinek, 2009) were re-thought thoroughly. A 
new enlarged committee was established, including over 30 experts from academia, 
government, education, and business communities. All members were experts in dis­
ciplines of data sciences, knowledge management, social media, and/or informatica. 

The redesigned “how” included the following guiding principles: 
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1.	 A leading holistic approach. No more of the five connected clusters (listed 
above), as opposed to the one leading model of data sciences, where all clus­
ters and modules are embedded as part of the leading data sciences model. 

2.	 Working committee. The committee was (and still is) active in decision 
making as well as preparing lessons, outlining requirements for the fi nal 
project, etc. For each specific need, sub-teams are to be produced and 
assigned with clear tasks to accomplish. 

3.	 Wisdom of the team. No one knows all the answers. Most decisions are 
taken after considering both the committee and representative teachers, 
providing perspective of both the academic and business needs as well as 
ensuring these are suited to the young students’ abilities. 

4. 	Trust and collaboration. Trust is built among the committee members 
through physical meetings, changing sub-teams, and an active WhatsApp 
group where ideas, trends, and news regarding the discipline and the pro­
gram are shared. 

5.	 Rebranding. The program was rebranded and a new name chosen—Data 
and Information (limited by the Ministry of Education to two words). 
A slogan was chosen by teachers and students: “Knowledge Is Power.” 
Subsequently, marketing campaigns were prepared. 

6.	 The “what” was based, as described above, on a leading model, developed 
by Professor Ahituv (2019), the program chair (see Figure 9.1). 

The list of topics included in the program are outlined in Table 9.1. 
The program, for both teachers and students, is based on new education meth­

ods. Further, short video chunks are prepared, enabling the teachers and students 
to learn in a new, experiential, and fun way. Each lesson is divided into fi ve- to 
seven-minute components, and these lessons typically end with a dilemma, leaving 
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Figure 9.1 The Data Analysis Model (Source: Ahituv, 2019; used with permission.) 



Component Topics Taught 

Problem defi nition • Formulation tools 
• Quantitative models 
• Qualitative approaches 
• Mathematical tools 

 Identifying pertinent data 
sources 

• Browsers 
• Indices 
• Search engines 
• International organizations 
• Governmental departments, public institutes 
• Statistics bureaus 

Data collection and storing • Data transfer technology—communications 
• Clouds 
• Database management software 
• Data validation tools 

Data integration • Conversion programs 
• Indices 
• Metadata tools

 Data mining • Filters 
• Data retrieval techniques 
• Identifi cation tools 
• AI tools 
• Heuristics 

Processing and analysis • AI tools 
• Machine learning 
• Data processing programs 
• Heuristics 

Visualization • Dashboard tools 
• Graphical tools 
• Reporting system software tools 
• Interactive systems 
• UI/UX 

 • Visualization tools 

 Learning and decision 
making 

• Decision-support tools 
• What-if software 
• Simulation tools 

Knowledge management • Lessons learned 
• Knowledge sharing 
• Knowledge retention and continuity  
• Personal knowledge management 
• Knowledge development 
• Feedbacking 
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Table 9.1 Program Syllabus 
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the student both curious and with a homework task to implement the learned 
materials in analyzing real-life situations. The concept of the program is based on 
independent learning—the teacher directly instructs and mentors the students. 
The students also learn through storytelling, gamification, and escape room riddles. 

All study materials were recorded for the program by professional experts in the 
academy, industry, and government offices, such as Dr. Moria Levy and Dr. Boris 
Gorelik. The materials are all shared on the program’s website and are open to the 
general public for free learning and usage. 

Assessments are held as formative evaluations through the application of the 
material via research papers of various types: academic research, government 
research, and business research, as well as an applied matriculation test on solving 
applied problems. Exams all take place as open study material; all of these tech­
niques are worth appreciating in the 21st century. 

Several academic programs were approved, expanding the certifi cation for 
teachers in universities in Israel with a teaching certificate for this program, as cer­
tification is necessary. As of writing this article, no specific full academic program 
yet exists for the discipline of information, knowledge, and data analysis in Israel. 
What is in place is a system of teaching certificate studies and converting academics 
from the high-tech industries to serving as teachers—all this in addition to applied 
courses for teachers. 

Th e first two years take place in class, at the end of which the students have to pass 
a final exam verifying that they have understood and internalized the information 
taught. The exam is mainly based on analysis and understanding rather than memo­
rizing; however, in order to prepare the students for the future, more effort is required. 

Thus, the third year is designed to deal with this need. The students must choose 
and implement a fi nal project on which they are to work all year. Th e teachers are 
trained in order to mentor such studying. There are four main clusters for the fi nal 
project, enabling the students to specialize, just like in life, in different ways, suiting 
their personality and attitude. The main project clusters and project types based on 
them are outlined in Table 9.2 and will be implemented gradually in the coming years. 

Moreover, additional elements involve mentoring students, exposing students 
to industry experts through lectures, and holding tours to companies and factories. 
Thus, the students are exposed to the industrial applications of studied topics, and 
their employment prospects begin while they are still in school. Connecting the 
program, teachers, and students with field experts also promises a program that 
adapts itself dynamically to the changing needs and trends of the industry. 

The Israeli Ministry of Education is currently preparing a curriculum for infor­
mation practical engineers. The additional program will be an applied curriculum 
for two years after high school and will teach practical software for analyzing, 
processing, and managing knowledge, thus providing a continual education path 
towards data, information, and knowledge. 



Cluster Project types 

 Quantitative 
research project 

 Performing a research serving a specifi c existing business or 
governmental need. Working with the customers of the need. 

Collaborative research—interdisciplinary project. 
Working with students of other projects, specializing, 
for example, in industrial engineering or product design. 

 Performing a research that will serve the other students’ work 
and the project they are performing. 

Social cultural research. 
Defi ning, designing, and performing research, producing 
enlightening new understandings on an actual social or cul­
tural dilemma. 

Scientifi c research—writing a research using the format, struc­
ture, and guidelines of academic scientifi c research: abstract, 

 literature review, thesis, research approach and methodology, 
fi ndings, discussion, and conclusion. 

 Qualitative 
research project 

Developing a limited business model for running a website, a 
small business, marketing, etc. Demonstrating the implemen­

 tation in an organization and building a method of copying it 
to additional organizations. 

 Knowledge capturing—documenting of a defi ned body of 
 knowledge related to a culture, discipline, or specifi c topic. 

 Integration of the information learned into a unifi ed signifi cant 
body of knowledge. 

Digital platform. Planning, designing, and bringing up a digi­
 tal platform environment including a website, a Facebook® 

page, and a communication and collaboration channel, for a 
specifi c audience. 

Lessons learned—running a series of debriefi ngs dealing 
with a complicated signifi cant event or project. Analyzing 

 the related processes and decisions taking and learning from 
them. 

Experience in the 
business/ 

 social 
environment 

Internship in an organization, implementing either data analy­
sis or knowledge management tasks. 

Working in and for the community—working with a nonprofi t 
organization, helping with tasks of data analysis and/or knowl­

 edge management. The fi nal project is a refl ection report 
describing the work. 

 Entrepreneurship/product development—following stages 
 of a startup and planning, designing, and prototyping a  MVP 

(minimum viable product). 

 Learning and 
 implementing a 

new tool 

   Self-learning, during the year, a software tool, such as Python, 
Tableau, or Power BI. Implementing data processing, analysis, 
and learning, as taught in the past two years on a defi ned set 
of data using the tool learned. 
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In addition, new initiatives are being examined to enable the better integra­
tion between schools and the industry. Industry professionals will work one day 
a week at the school and guide students in preparing industry-relevant projects 
in the fi eld. This will be a win–win situation: the students will get to know the 
business world, and the teachers from the industry will contribute to preparing 
suitable graduates—that is, potential good workers for developing dynamic busi­
ness needs. 

COVID-19 

COVID-19 has had a tremendous influence on the new program. Students had to 
learn from home all year long, and educational programs for teachers were stalled. 
Everything had to be re-thought to fit the new situation. Following the pandemic, 
it was necessary to redesign the conventional learning methods that still took place 
and to immediately develop techniques for distance teaching, making learning as 
independent as possible. The ideas of new learning were in place, yet to be imple­
mented. Academy and field experts were called in to help turn the full syllabus 
into recorded lessons. The Ministry of Education hired a studio, enabling high-
standard video recording, and access was granted for the purpose of self-study to 
all students. So far, as of now, about 500 videos have been recorded and uploaded 
to the program’s open and free-to-use website. The program website includes the 
syllabus, videos, written materials, and supplementing tools.3 

This website has over 700 items, some of them being teaching materials, pre­
sentations, videos, and related articles.4 Materials on information management, 
knowledge management, professional knowledge management, personal knowl­
edge management, organization and knowledge management in a smart way, 
knowledge retention, knowledge sharing, and personal information management 
are added to each area on an ongoing basis. Materials are written in Hebrew, 
with some content also in English. The materials are currently being translated 
into Arabic for the relevant population in Israel. COVID-19 resulted in a great 
boost for the new educational approaches, enabling the information, data, and 
knowledge program students to profit from not only new content but also new 
learning concepts. 

3 The website can be accessed at https://pop.education.gov.il/tchumey_daat/data-analysis 
/high-school/ 

4 An example of a page in the curriculum that deals with the field of knowledge manage­
ment can be found at https://pop.education.gov.il/tchumey_daat/data-analysis/high 

-school/study-topics/data-management/ 

https://www.pop.education.gov.il
https://www.pop.education.gov.il
https://www.pop.education.gov.il
https://www.pop.education.gov.il
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Current Situation 

When the program opened six years ago, about 150 students in eight schools 
studied there. Today, about 850 students from 25 schools are currently part of the 
new information, data, and knowledge program. After the change, and despite 
the COVID-19 pandemic, next year, 25 additional classrooms with 400 new stu­
dents are expected to open all over the country, and more are on the way; hence, 
the number of students is slated to double. The goal is to have an exponential 
increase in the number of schools, and the trend will be studied each year. 

Today, about 30 teachers have undergone short-term training processes, and 
20 new teachers are in the pipeline to join them to train for a teaching certifi cate 
specific to the program next year. We expect the number of teachers to double and 
even triple in the coming fi ve years. 

Summary 

Data and information around the world are doubling every few years. Th e need 
for new skills enabling us to handle this large mass of content, understand it, 
and turn it into value is undoubtedly essential. The Israel Academy of Sciences 
and Humanities (2020) and the Planning and Budgeting Committee of the 
Israel Council for Higher Education (2020) stated in their reports that learning 
data sciences is important and should be considered a national program. Th is 
understanding is what formed the base that led the new educational program 
of data, information, and knowledge. Learning how to process, communicate, 
and share the data and information and collaborate using critical thinking and 
smart decision making, based on the given data and information, are the key to 
success, and new studies are focused on obtaining these skills and knowledge. 

The new program also applies new teaching and assessment methods as part of 
technology education studies; however, the vision is that the essence of these bod­
ies of knowledge and taught skills will be taught to all age groups and students in 
schools in the future. Israel hopes that this and similar educational programs will 
help us leverage the society to be a “knowledge nation” that is innovative, success­
ful, and best prepared for the challenges of tomorrow. 
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Chapter 10
 

Scaling Up Learning 
Analytics in an Evidence-
Informed Way 

Justian Knobbout1 and Esther van der Stappen2 

Abstract 

Worldwide, the interest in learning analytics is rising, and higher educational 
institutions seek ways to benefit from the digital traces left behind by learners. 
The successful adoption of learning analytics comprises different phases, ranging 
from initialization to scaling. However, institutions with no or limited experi­
ence with learning analytics face many challenges when going through these 
phases. This chapter explores how institutions can proceed to implement learn­
ing analytics on a large scale. For this purpose, institutions need the right organi­
zational capabilities as well as measures to assess the effect on learning. Based 
on literature and empirical data, we distinguish five critical learning analytics 
categories of organizational learning analytics capabilities: Data, Management, 
People, Technology, and Privacy & Ethics. The ability to develop these categories 
benefits the impact of learning analytics on learning. Furthermore, this chapter 
also provides operational definitions of affected learning. This enables institu­
tions to assess the impact of learning analytics continuously. Based on learning 

1 HU University of Applied Sciences Utrecht, Th e Netherlands 
2 Avans University of Applied Sciences, Th e Netherlands 
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theories, we identify three categories of learning that learning analytics can aff ect: 
learning process, learning outcome, and learning environment. Th e operational 
definitions we found during our research are classified accordingly. Th is allows 
educational institutions to measure, compare, and improve the effects of learning 
analytics on learning. 

Keywords: Learning analytics, capabilities, adoption, implementation, resource-
based view, information systems, impact measures 

Introduction 

In this age of big data, the Internet of Things, and artificial intelligence, it is not 
surprising we start to look differently at education. Due to modern technologies, 
it is possible to observe, monitor, and analyze learning as never before. We can see 
how much time students interacted with learning materials, whether they prac­
ticed and with what result, who is collaborating with whom, and so on. Learning 
data play a key role here. Using data to enhance learning is not a new phenom­
enon, as a genealogy by Joksimović et al. (2019) shows that this already goes back 
to the 1920s. However, with the possibilities nowadays, the interest in using data 
to enhance education exponentially grew. This led to the emergence of diff erent 
communities that wish to exploit educational data (Romero & Ventura, 2020). 

One of these communities is learning analytics. Learning analytics can be 
defined as, “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” (LAK, 2011). One of its main drivers 
is the digitalization of learning (Ferguson, 2012)—that is, the use of the Internet, 
virtual learning environments, and digital resources in education. While this was 
already a trend, the rapid shift towards online education due to the COVID-19 
pandemic boosted it even further. 

As a result, large volumes of data can be sourced from, among others, learning 
management systems, questionnaires, student information systems, video systems, 
and MOOC platforms (Samuelsen et al., 2019). After collection, the digital traces 
that learners leave behind can be analyzed, visualized, and used for pedagogical 
interventions (Clow, 2012). Intervention strategies include posting signals, contact­
ing learners via email or telephone, proving guidelines and advice, or modifying 
learning materials (Na & Tasir, 2017). 

The learning analytics implementation process comprises multiple phases: ini­
tialization, prototyping, piloting, and scaling (Broos et al., 2020). However, the 
complexity grows exponentially while going though these phases, and higher edu­
cational institutions face many challenges when implementing learning analytics 
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(Tsai & Gašević, 2017). As a result, examples of institutions that apply learning 
analytics at scale are scarce (Gasevic et al., 2019; Viberg et al., 2018). To success­
fully scale up the use of learning analytics, higher educational institutions need to 
carefully plan its adoption and measure whether the intended improvements to 
learning are achieved. 

To support higher educational institutions in this task, we developed a capa­
bility model for learning analytics (Knobbout et al., 2020; Knobbout & van der 
Stappen, 2020a). The model helps us to understand what organizational capabil­
ity must be developed by educational institutions for the successful adoption of 
learning analytics. The model is the result of multiple studies, including literature 
reviews, case studies, and pluralistic walkthroughs. 

Our research is grounded in the resource-based view, where capabilities refer 
to an institution’s ability to use various resources to perform tasks or activities 
(Grant, 1991). Resources can be tangible (data, technology, investments), human 
(managerial skills, technical skills), or intangible (culture, organizational learning) 
(Gupta & George, 2016). Our Learning Analytics Capability Model supports 
practitioners—senior managers, policy makers, educational experts, IT staff , etc.— 
in their task to adopt learning analytics at scale at their institution. 

However, just implementing learning analytics is not enough. One must 
also evaluate the effect learning analytics have on learning processes, learning 
environments, and learning outcomes to improve the learning analytics function. 
Therefore, this chapter describes the capability model and its design process and 
also provides insight into what measures to use to assess the impact of learning 
analytics on learning. This helps to identify change caused by learning analytics 
and fuel its further development. 

A Capability Model for Learning Analytics 

In this section, we first describe the Learning Analytics Capability Model. Th is 
model elaborates on what capabilities are important for learning analytics adop­
tion. Next, we explain in what way we developed the model. 

Capabilities for Learning Analytics 

Resource-based capabilities can variate in level and thus be structured in a 
hierarchical order (Ambrosini et al., 2009). The Learning Analytics Capability 
Model comprises four orders (see Figure 10.1). We positioned the core concept 
(i.e., learning analytics capabilities) at the top of the model. Next, the learning 
analytics capabilities are divided into five categories—that is, critical dimensions 
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that need to be present at an institution. They are critical in the sense that when 
one or more are missing, institutions cannot successfully adopt learning analyt­
ics. Each category comprises the actual capabilities that are important to suc­
cessful learning analytics adoption. 

Furthermore, to help practitioners to build the right capabilities at their institu­
tion, we provide operational definitions that help to operationalize the model. For 
example, the capability Quality provides recommendations about data cleaning, 
data formatting, and documentation to ensure the quality of the data used for 
analytical processes. The provision of operational definitions distinguished the 
Learning Analytics Capability Model from other implementation models in the 
learning analytics domain, as the latter often lack practical guidelines on how to 
operationalize them (Broos et al., 2020). To understand the Learning Analytics 
Capability Model better, we will now elaborate on each capability. 

Data 

Th e category Data describes in what way data institutions should handle data. 
By definition, data lay at the root of learning analytics, and the learning analyt­
ics function’s effectiveness highly depends on the way the data are processed into 
information and action. As the capability Sourcing & Integration shows, data for 
learning analytics can be sources from different systems and often need central 
storage in a single repository. 

Collected data need to be linked and cleaned. As described earlier, the capabil­
ity Quality provides recommendations on how to do so. Th e capability Data usage 
presents multiple use cases—that is, for what purposes learning analytics can be 
applied. For example, learning analytics can help to identify early students who 
might get delayed, to analyze student success, and to make study plans and pre­
dict their realizability. As the required data and analyses differ per application, it 
is important to formulate the learning analytics functions’ goals well in advance. 

After the analyses, the outcomes are reported to users (Reporting). This is often 
done via dashboards but also reports, presentations, and learning summaries. It is 
important that outcomes are clearly presented, that they are actionable, and that jus­
tifications are provided. Only then can the users effectively use and trust the results. 
The last capability in this category—Feedback on analytics—prescribes the need to 
ask for feedback from users so the learning analytics function can be improved. 

Management 

Th e category Management describes the (governance) processes around the use of 
data. With 11 capabilities, this is by far the model’s largest category. Th e capabil­
ity Implementation, Deployment, & Application describes the project management 
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regarding the entire adoption process—for example, planning, risk evaluation, 
and connection with existing organizational functions. Before starting with learn­
ing analytics, institutions need to know what benefits they want to achieve with it. 

The capability Identifying benefits provides generic goals such as curricula 
improvement, improved student care, and addressing problems and requirements 
experienced during learning and teaching. Strategy describes the need to align 
learning analytics with the organizational strategic goals and policies. Th ese aims 
and benefi ts, along with clear descriptions of what is done with learning analytics 
and who the stakeholders are, need formal formulation in learning analytics poli­
cies and codes-of-practice (Policy & CoP ). 

It is necessary to identify different stakeholder groups, as responsibilities and 
accountabilities need to be assigned (Responsibility & Accountability). Moreover, 
institutes need to invest in resources and secure proper funding for learning analyt­
ics projects. Th e capability Funding & Investment highlights the need for fi nancial 
budgets and how to get it—for example, via management buy-in, senior managers 
and executives who advocate the use of learning analytics, and by developing a 
human and fiscal resource investment plan. 

Institutes also need to invest in Culture & Readiness capabilities so the use 
of learning analytics is accepted. This includes cultural aspects, where people 
accept learning analytics as a standard of practice, and stakeholders possess a 
data-informed mindset. Top management can promote the use of learning ana­
lytics in the organization, and enthusiastic pioneers can act as learning analytics 
ambassadors within the institution. The use of existing evidence could convince 
others about the need for change. This aligns with the capability Evidence-based & 
Th eory-driven, which states that learning analytics need support from pedagogical 
theory and best practices. 

When learning analytics are used, their performances need monitoring. Ways to 
operationalize the capability of Performance monitoring are described in depth later 
in this chapter. Th e capability External environment shows how knowledge from 
outside the institution can help learning analytics’ adoption within the institution 
itself. Finally, it is important to note that capabilities are not static, but that they 
develop over time. This aligns with the idea of dynamic capabilities (Ambrosini et 
al., 2009). Therefore, the last capability in this category is Capability development, 
which describes how existing capabilities can develop and mature. 

People 

Th e category People describes the human aspects necessary for learning analytics. 
Learning analytics knows different stakeholder groups. For example, Greller and 
Drachsler (2012) distinguish between data subjects and data clients. Th e former 
are the data suppliers, where the latter refer to those who act upon the analytics. 
We can add stakeholders such as learning analytics personnel, managers and 
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executives, and educational experts. The capability of Stakeholder Identification 
& Engagement prescribes the need to identify and engage these stakeholders. 
That is, they need both to be involved in learning analytics policymaking and 
the design and validation of learning analytics tools and to contribute their 
professional knowledge to the design and implementation of learning analytics. 
Each stakeholder group needs relevant skills and knowledge, which is elaborated 
on by the capability Combined skills & Knowledge. 

Training plays a major role in the acquisition of the right skills and knowledge. 
Learning analytics staff must be well trained, but the same is true for actors such 
as tutors, teachers, and students. Th e capability Communication describes in what 
way stakeholder groups can communicate with each other—for example, by orga­
nizing workshops and intake interviews for learning analytics projects. In contrast, 
the capability Collaboration describes how the various groups could collaborate— 
for example, by having experts check used methods and letting learning analytics 
staff think along with the users about their needs. 

Privacy & Ethics 

Finally, the category Privacy & Ethics describes the use of learning analytics 
from privacy and ethical points of view. Privacy and ethics are sensitive issues in 
the learning analytics domain (Drachsler & Greller, 2016), and they are often 
connected with aspects such as trust, accountability, and transparency (Pardo & 
Siemens, 2014). The capability of Legal compliance describes in what way to com­
ply with privacy laws such as the  General Data Protection Regulation (GDPR). 
This involves fostering the rights students have (to be forgotten, to get insights 
into what data are collected) and ways to use data in a privacy-sensitive way, such 
as asking consent or by making personal data unrecognizable. 

Related to this capability is Human decision making, as learning analytics sys­
tems cannot and should not make all decisions. One must also realize that, even 
when the law allows certain things, they may go against what is considered as 
correct behavior. Th e capability Ethics helps to handle ethical considerations—for 
example, by establishing an ethics committee and a learning analytics policy. Th e 
capability Security highlights the need for sound security of data and information 
security policies and practices. This limits the chances of a data breach, which in 
turn might lead to less trust in learning analytics. Another way to increase trust 
is by creating transparency about what is done with data, by whom, and why. 
Therefore, the capability of Transparency is included in this category. 

Technology 

The Learning Analytics Capability Model’s fifth and last category, Technology, 
describes the technical side of learning analytics. Th e capability Infrastructure 
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explains the different technology resources that are necessary for successful 
learning analytics. This mainly includes data storage, such as data warehouses 
and ERP systems, but also software to perform analyses (e.g., RStudio®), to 
visualize data (e.g., Tableau® or Power BI®), and to manage learning analytics 
projects (e.g., Git® and Slack®). Possible setups for systems are described by the 
capability System characteristics. For example, platform agnostic and cloud-based 
systems can provide flexibility that helps to adopt learning analytics at diff erent 
departments of an institution. Th e capability Connectivity provides help in cases 
where data must be exchanged between (external) systems. Finally, the capa­
bility Automation describes in what way automation can help to speed up the 
process and increase data quality. Especially when institutions adopt learning 
analytics at scale, automation is crucial to providing analytical outcomes to the 
end users on time and in a cost-effi  cient way. 

Design Process 

For the readers interested in the Learning Analytics Capability Model’s design 
process, we now provide a brief overview of its development. Information Systems 
play an important role in learning analytics. Therefore, to design a capability 
model for learning analytics, we applied Design Science Research principles 
for Information Systems research (Hevner et al., 2004). At the start, a system­
atic literature review was conducted to research what capabilities for successful 
learning analytics are already present in the knowledge base (Knobbout & van 
der Stappen, 2020a). As learning analytics is a relatively young research fi eld, 
literature from more mature, adjacent fields such as business analytics and big 
data analytics were included in the review. 

The starting point for the search process was to review studies that provide imple­
mentation models for business analytics and big data analytics (Adrian et al., 2018) 
and implementation models for learning analytics (Colvin et al., 2017). We sourced 
additional papers via  Google® Scholar, the Education Resources Information 
Center (ERIC) database, and the Association for Computing Machinery (ACM) 
database. Applying inclusion and exclusion criteria, 10 key studies for business 
analytics and big data analytics and six key studies for learning analytics remained. 
Based on open coding principles, we grouped capabilities for business analytics and 
big data analytics based on the underlying operational defi nitions. Th is resulted 
in 23 distinct capabilities that, in turn, were categorized into four categories: Data, 
Management, People, and Technology. 

Next, we coded the models for learning analytics based on axial coding. Codes 
were derived from the capabilities found in the previous step. As not all capabilities 
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found in learning analytics literature fitted the codes, the remainders were coded 
based on open coding. As a result, 11 additional capabilities were distinguished. 
Moreover, one additional category emerged from the data: Privacy & Ethics. It is 
surprising that this category is absent from business analytics and big data ana­
lytics, as these domains often also involve personal data. In total, our theoretical 
capability model for learning analytics now comprised 34 capabilities divided over 
fi ve categories. 

To refine the model, we conducted a single case study to collect additional, 
empirical data. This way, we extended the theoretical model into an empirical 
model. Data were collected during four interviews with stakeholders—that is, 
members of the analytics team and end users. By coding the interview transcrip­
tions along with the theoretical capability model, we got some new insights. Most 
importantly, no capabilities seemed to be missing from the theoretical model. 
Nonetheless, some improvements could be made. In theory, some capabilities can 
exist alongside each other. In practice, they overlap or cannot exist without each 
other. For example, the theoretical model comprises the capabilities of Knowledge, 
Skills, and Combined knowledge & skills. 

However, the interviews showed that in practice, these capabilities go hand 
in hand and are highly interconnected. Therefore, in the empirical model, these 
three capabilities were merged. The same goes for the capabilities of Stakeholder 
identification and Stakeholder engagement (now Stakeholder Identification & 
Engagement) and the capabilities of Planning and Implementation & Deployment 
(now Implementation, Deployment, & Application). 

Next to merging some capabilities, we renamed three others. For example, the 
name ‘Market’ makes sense in a highly commercial environment but less in the 
context of educational institutions. For that reason, we renamed it to External 
environment. Finally, based on the interview data, the capability defi nitions were 
improved. The case study resulted in a refined, empirical model with 30 capabili­
ties. To validate it in practice, the model is used to plan the learning analytics scal­
ing process of five educational institutions. This is described in the next section of 
this chapter. 

Using the Learning Analytics Capability 
Model in Practice 

In this section, we will elaborate on the use of the Learning Analytics Capability 
Model in practice. First, we describe in what way the model is empirically evalu­
ated. Next, we will discuss the phases of learning analytics implementation and 
what capabilities need development during what phase. 
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Evaluation of the Learning Analytics Capability Model 

As part of the model’s evaluation process, we organized sessions with practitioners 
from fi ve diff erent educational institutions (Knobbout et al., 2021). Most insti­
tutions had gained some experience with learning analytics and now wish to 
use it in a more systematic and broader way. In each session, participants aimed 
to design a learning analytics scaling plan (roadmap). To support this task, the 
Learning Analytics Capability Model was instantiated via a digital tool. Th e 
tool measures the current presence of the different capabilities and shows what 
capabilities are yet missing and need development (see the tool’s dashboard in 
Figure 10.2). 

First, the practitioners made a roadmap without help from the Learning 
Analytics Capability Model. Next, the model and the tool were introduced and 
used to enhance the roadmap. This way, we could compare the roadmaps and 
see what capabilities the participants overlooked. Although the outcomes diff er 
per institution, the results showed that the participants often initially did not 
include capabilities from the categories Data, People, and Privacy & Ethics. With 
the model’s support, the participants were able to add specifi c capabilities to their 
enhanced plan. 

Furthermore, it was noticeable that during the session, participants discussed 
many aspects, but not all of them appeared in the roadmap. The Learning Analytics 
Capability Model tool helped to spot these deficiencies. Overall, the participants 
highly appreciated the model and tool, as it helped them to check whether they 
included all necessary capabilities in their plans. They perceived the model as use­
ful and wished to use it further in their task towards learning analytics adoption 
in their respective institution. 

Developing capabilities for learning analytics are time and budget consuming. 
Therefore, the question is how to prioritize what capabilities to develop fi rst. Based 
on the outcomes from the practitioner sessions, we can provide some insights into 
what capabilities to develop at what moment in the adoption process. 

Phases of Learning Analytics Implementation 

Viewing the implementation process as a timeline, Broos et al. (2020) distinguish 
among four phases. In the Initialization phase, the basic needs for learning analyt­
ics are determined, and a common understanding of the problems that learning 
analytics will target is created. During the Prototyping phase, learning analytics 
instruments are built to feed design activities and foster discussion. Th ese instru­
ments will be iteratively improved. Next, in the Piloting phase, the instruments 
are used in a real setting—that is, with real users and real data. Finally, during 
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188 Online Learning Analytics 

the Scaling phase, the institution deploys the designed solutions at scale—that 
is, make it available for the full population of courses, programs, and faculties. 
During the evaluation of the model, we let participants use it to make roadmaps. 
Although the sessions’ participants were not learning analytics experts, they have 
experience with the first phases of learning analytics implementation within their 
respective institution. The constructed roadmaps showed that a certain sequence 
of capability development is present in the plans. In practice, this means that not 
all capabilities are needed at the start of learning analytics implementation, but 
that they can be developed over time. 

We now discuss what capabilities require development in what phase. Th is is 
preliminary work as yet, and the sequence of capability development might diff er 
given particular contexts. It is important to note that this is not a ‘one-time exercise’ 
but that capabilities need continuous adjustment and re-development over time. 
Figure 10.3 shows our current insights on what capabilities need particular atten­
tion in what phase of learning analytics implementation. 

In the Initialisation phase, a lot of preparation and planning is done. A learning 
analytics policy and/or Code-of-practice must be formulated. This must explicitly 
state what stakeholders are involved, what benefits learning analytics must achieve, 
how learning analytics align with the institution’s strategy, how ethical and legal 
requirements will be met, and who is responsible for what. Moreover, funding 
must be secured to finance this and consecutive stages. 

Many technical details are worked out during the second phase, Prototyping. 
This involves building the right infrastructure, sourcing and integrating the right 
data, thinking about solutions to guarantee data quality, getting data security in 
order, and establishing system characteristics. Moreover, learning analytics must 
be coupled with pedagogical theory and best practices. 

In the Piloting phase, real users start to use the instruments. They need to 
develop a data-informed mindset and must be willing to apply learning analytics 
in their educational activities. Being transparent about what learning analytics 
does and with what goal helps to foster this mindset and creates trust. To investi­
gate whether learning analytics are beneficial, the performance of the learning ana­
lytics function must be thoroughly measured and demonstrated. Moreover, users 
should provide feedback on learning analytics so it can be improved. With larger 
numbers of stakeholders in play, aspects such as communication and collaboration 
become more important at this point in the implementation process. 

In the final stage of Scaling, learning analytics will be launched at full scale. Due 
to the massive amounts of data that need processing at this moment, automation 
comes into play. Automated processes can help to quickly turn data into insights 
but also to check data quality. Another aspect at this stage is training. Especially 
users such as students and teachers need training to understand how to interpret 
visualizations and dashboards and learn what to do with the provided information. 
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Learning analytics manuals, courses, and training videos can help to effi  ciently 
educate large groups of users. Now that learning analytics is applied at scale, col­
laboration with external parties becomes more important. For example, data from 
their previous schools can be sourced to create a completer picture of students’ 
study career. Also, data between institutions can be shared for scientifi c purposes. 
Connectivity between the focal institution and other institutions helps to support 
this data exchange. 

Measuring Impact on Learning 

During the implementation process, institutions need to assess the quality of  
the learning analytics function. The Learning Analytics Capability Model pre­
scribes the development of the capability of Performance monitoring. Th is capa­
bility is instantiated by establishing performance indicators and by constantly 
monitoring these indicators’ fulfi llment. Different quality indicators for learn­
ing analytics exist (Scheffel et al., 2014). As the defi nition of learning analytics 
states that learning analytics should optimize learning and the learning environ­
ment (LAK, 2011), we focus on this quality aspect in particular. 

However, to establish whether learning analytics are indeed benefi cial, institu­
tions need to measure the impact on learning. This is not a trivial task, as learn­
ing analytics can aff ect different parts of learning, and a variety of measures can 
be used to assess the effect. Often, learning analytics researchers use grades as a 
dependent variable. For example, there is much research that tries to predict end-
of-course grades based on learning activities. 

However, grades are only a proxy of learning and do not reflect what is learned 
during a course. Therefore, we suggest using other metrics when researching the 
impact of learning analytics. To help educational institutions to measure and com­
pare the effects of learning analytics, we performed a systematic literature review to 
identify operational definitions of affected learning (Knobbout & van der Stappen, 
2020b). In this section, we show what learning categories learning analytics can 
enhance and how to measure the effects in practice. 

What ‘learning’ really is depends on one’s perspective. Diff erent learning theo­
ries exist. While some describe learning as a process (e.g., Kolb, 1984), others argue 
that is it actually about the outcomes of this process (see, for example, Cooper, 
1993). A third element is the learning context (Biggs & Telfer, 1987; Joksimović et 
al., 2018), which we call learning environment. During our research, we analyzed 
62 key studies and synthesized operational definitions of affected learning as used 
in learning analytics research. We classified the definitions into one of the three 
categories: learning process, learning outcome, and learning environment (see 
Figure 10.4). We understand that the concept of learning is complex and that the 
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categories interact with each other. Inspired by the work of Biggs and Telfer (1987), 
in Figure 10.4 we indicated this interaction with arrows). For example, by improv­
ing materials used in a course based on an analysis (learning environment), future 
students may gain more knowledge during the same course next year (learning 
outcome). 

Nonetheless, when analyzing the key studies, it became apparent that most 
studies—53 out of 62—used definitions that fit within a single category. Th is 
means that while learning analytics might affect multiple aspects, only one is 
measured. In the previous example, an institution perhaps regards the impact that 
learning analytics has on knowledge gain but not on the improved learning materi­
als. This provides a too-shallow view of the true effect that learning analytics have 
on learning. We recommend that educational institutions use cross-categorical 
measures of learning analytics, as these provide a better, multi-perspective view of 
its impact. Next, we briefly explain each category. Figure 10.4 displays the opera­
tional definitions that relate to the three categories and various subgroups. 

Th e learning environment considers the context in which learning takes place. 
The learning analytics definition explicitly mentions its optimization: “[. . .] opti­
mizing learning and the environments in which it occurs” (LAK, 2011). Within 
this category, we distinguish three subgroups. In two of these groups—Teacher 
awareness and Teacher productivity—teachers are the focal units of the learning 
analytics. The third group focuses on learning materials. In the literature we stud­
ied, this aspect is rarely considered. In line with the earlier explanation, the eff ects 
that learning materials have on outcomes—for instance, student grades—are 
often researched, but there are almost no indicators for the quality of the learning 
materials themselves. 

The category with the most subgroups and diverse operational definitions is the 
learning process. Similar to teachers in the previous category, learning analytics can 
measure learner awareness and learner productivity—for example, by assessing the 
time students spent practicing and the number of revisions they made to a learning 
product. Learning analytics can also gauge the degree of self-regulated learning by 
students via, for example, pre- and post-scoring self-assessments. Two groups that 
relate to each other are engagement and online activity & behavior. While the latter is 
often measured via counting clicks, posts, and login frequency, the former is more 
complex and also involves emotional state and more diverse interaction measures. 

The last group of operational definitions regards learning outcomes. In our 
research, this was the category that contained the most key studies. Not surpris­
ingly, many researchers try to measure the impact learning analytics have on 
students’ knowledge and skills and their learning gain. After all, education is about 
transferring knowledge and skills from one person to the other. Often, grades 
and test scores are used for this purpose. They are widely available, they must be 
archived to establish students’ achievements, and their export from grade systems 
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or LMS is often an easy task. However, many factors influence grades and scores. 
For example, the time of the day a test was made, the test items’ quality, any dis­
tractions in the test location’s surroundings, the assessor’s skills and experience, and 
so on. None of these factors has to do with the actual knowledge of students, but 
they can signifi cantly affect grades and scores. Therefore, use them with the utmost 
caution, and consider including other measures as well. Th e group retention and 
dropout relates to larger groups of students and focuses more on a macro level. Here,  
learning analytics measure variables such as retention, reregistration rates, and  
withdrawal rates. Th ey provide an indicator of learning outcomes for the program,  
faculty, department, or even entire educational institution.  

Conclusion and Recommendations 

In this chapter, we elaborate on the Learning Analytics Capability Model—a 
resource-based capability model for learning analytics. Th e model comprises 30 
capabilities divided into fi ve categories. By developing these capabilities, edu­
cational institutions work towards the successful adoption of learning analyt­
ics. Not all capabilities need development at the same time, but this depends 
on what implementation phase an institution is in. By progressively building  
capabilities for learning analytics, institutions can mature and eventually deploy  
learning analytics at scale. 

It is important to view learning analytics success in terms of learning. To  
measure the eff ects learning analytics have on education, we provided several  
operational defi nitions. We conclude this chapter with several recommendations 
for practitioners who want to (further) implement learning analytics at their  
institution: 

• 	 Start small and scale up later on. Small-scale learning analytics initiatives  
lead to hands-on experience, show what is possible, and help to grow a data-
informed mindset by stakeholders. Educational institutions can easily initi­
ate small projects by providing a group of ‘learning analytics pioneers’ with  
access to some data and funding. On the other hand, the large-scale adoption  
of learning analytics requires signifi cant planning. Develop an institutional  
vision on learning analytics that includes for what purpose learning analyt­
ics will be used, what data are needed for this task, and what stakeholders  
will be involved and when. Clearly describe this in learning analytics policy  
or a Code-of-Practice. To support the policymaking process, tools such as 
 SHEILA3 can be used. 

3 https://sheilaproject.eu/ 

https://www.sheilaproject.eu


  
 
 
 

 
 

  
 
 
 
 

 
 

 
 

  
 
 

   
 
 

 
 

 
  

  
 

  
  

 
 
 

194 Online Learning Analytics 

• 	 Learning analytics is a multi-disciplinary fi eld and thus requires the involve­
ment of different stakeholder groups. In the past, learning analytics was often 
viewed as a technical endeavor, and pedagogy came in second place. However, 
this is not the road to impactful learning analytics. From the start, it is 
important to engage students, teachers, educational experts, IT staff , senior 
management, and many others. During the design process, user demands 
need particular attention and consideration. That is the only way that learn­
ing analytics can truly influence the primary process. 

•	 Plan what learning analytics capabilities must be developed and in what 
order. Evidence shows that without central coordination in the form of 
learning analytics policies and Codes-of-Practice, it is hard to scale learning 
analytics initiatives. Align learning with the institution’s strategy and vision 
on education and address ethical and privacy issues early on. Realize that 
capabilities from all categories of the Learning Analytics Capability Model 
need to be present for successful learning analytics. As elaborated on in this 
chapter, not all capabilities need development at the same time. Nonetheless, 
it is important to plan and formulate future steps well in advance. 

• 	 Continuously measure the impact learning analytics have on learning. Th is 
supports learning analytics adoption in multiple ways. It helps to show the ben­
efits and foster a culture towards data-informed decision making. Moreover, it 
allows improvement of learning analytics–driven interventions—for example, 
by collecting evidence on what interventions yield the best results in terms of 
learning. To measure the effects, we provided several operational defi nitions of 
aff ected learning. We distinguish three categories: learning process, learning 
outcome, and learning environment. We recommend using learning analytics 
to affect multiple categories. Especially since grades are only a proxy of learn­
ing, educational institutions should be very carefully measuring the impact of 
learning analytics based on grades (alone). 
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Chapter 11
 

The Role of Trust in 
Online Learning 

Joanna Paliszkiewicz and Edyta Skarzyńska1 

Abstract 

As a result of the health crisis (COVID-19), higher education has moved to 
deliver courses online. Many students worldwide had to transfer from face-to­
face instruction to an online learning environment in the middle of the semes­
ter. It has benefits and also adverse eff ects. The more successful transitions to 
online learning are influenced by the user’s intention and the usefulness of the 
technology, as well as the trust. The chapter aims to present the role of trust in 
online learning and present research results conducted among the students from 
Warsaw University of Life Sciences in Poland. A review of the literature about 
trust and online learning is presented in the chapter, followed by the research 
methodology. Next, the research results are discussed. In the end, the discussion, 
conclusion, and limitations are described. Recommendations for future research 
are provided. 

Keywords: Trust, online learning, University, active learning, trust building, online 
education 
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Introduction 

The COVID-19 pandemic has raised significant challenges for higher education 
(Almaiah et al., 2020; Daniel, 2020; Rapanta et al., 2020). Many countries 
have decided to close educational institutions. According to specialists, social 
distancing is a critical factor in breaking the virus transmission chain. As a result, 
schools and colleges have been looking for methods to deliver the curriculum 
within specific time frames based on the academic calendar. The teaching staff 
has had to prepare and deliver their classes from home, with all the practical and 
technical challenges (Hodges et al., 2020). 

The limitations caused some degree of inconvenience and allowed for educa­
tional innovations using digital technology and increased digital competencies 
among teachers and students. In a short time, most universities have switched to 
online learning using dedicated online platforms. For the purposes of this chapter, 
online learning refers to learning that is mediated by the technology and design of 
online learning that influences learning outcomes (Wang et al., 2013; Bower, 2019; 
Rapanta et al., 2020). Online education means that students are physically distant 
from the instructors and require a delivery method (Wilde & Hsu, 2019). 

Educational institutions, guided by the appropriate level of quality of the 
offered education, built an online learning environment. This solution diff ers from 
traditional teaching in many aspects, such as motivation, student satisfaction, and 
interaction (Bignoux & Sund, 2018). 

To have an effective learning environment, the instructor needs to develop and 
maintain trust between and among the students and the teacher through good 
course design and appropriate interactions and communication. The trust has 
to be established immediately. Nowadays, we do not have enough information 
about how COVID-19 measures (stay-at-home) and online learning have aff ected 
the learning process from the students’ point of view (Aguilera-Hermida, 2020). 
Further research is needed in this area. 

The aim of the chapter is to present the role and importance of trust in online 
learning and to present research results conducted among the students from 
Warsaw University of Life Sciences in Poland. In the chapter, a review of the 
literature about trust and online learning is presented, followed by the research 
methodology. Next, the research results are discussed. In the end, the discussion, 
conclusion, limitations, and future directions are described. 

Trust and Online Learning—Literature Review 

Trust plays an important role in our lives (Liebowitz et al., 2018; Liebowitz et al., 
2019; Koohang et al., 2020). Building trust is primarily based on relationships 
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between people and the history of a given group, so traditional trust is believed 
to be built over the years. Technological changes of globalization signifi cantly 
aff ect different perceptions of trust. This view is becoming problematic with the 
increase in globalization and change in technologies and an increased reliance 
on temporary groups—for example, in education during COVID-19. 

Paliszkiewicz (2010) described trust as the belief that another party (a) will not 
act in a way that is harmful to the trusting firm, (b) will act in such a way that it is 
beneficial to the trusting fi rm, (c) will act reliably, and (d) will behave or respond 
in a predictable and mutually acceptable manner. Digital trust is related to the 
environments where physical and direct contacts do not occur, where moral and 
social pressures can be differently perceived, and where digital devices mediate 
interactions. According to Wang and Jeong (2018, p. 163), digital trust “means 
general beliefs in online service providers that result in behavioral intentions.” 
Digital trust can be successful when the communication is honest and transpar­
ent (Demolombe, 2004). Shin (2017) confirmed a significant impact of trust on 
behavioral outcomes. Meyerson et al. (1996) developed the concept of swift trust. 
Swift trust is a form of trust occurring in temporary organizational structures, 
including quick starting groups. According to swift trust theory, a group assumes 
trust initially and later verifies and adjusts trust beliefs accordingly. 

The key to this concept is juxtaposing it with such social features as uncertainty, 
risk, the expectation of benefits, and the hope that others will care and act accord­
ing to the indicated norms and principles. The set of these features is essential for 
students and lecturers who have been obliged to learn online due to the pandemic. 
Comparing the traditional way of learning with the virtual learning mode, one can 
observe more significant uncertainty and the presence of risk. Indeed, the level of 
these features is higher when starting online learning—having no experience in this 
type of learning, the participant is unsure how to proceed or what to expect. Th is 
can arouse fear but also be motivated because the interest in a new way of learning 
and effective cooperation in an unknown and ambiguous environment allows one 
to broaden knowledge and acquire new skills. However, it is an environment with 
a limited transmission of social signals and constant risk. When using training in 
online learning software, students and teachers cannot be sure that the software will 
be interoperable and there will be no complications when learning online. 

Trust is a crucial factor in the functioning of social relations. However, in a 
virtual environment, the importance of swift trust is growing. The dynamics of 
this phenomenon allow for the leveling or alleviation of the feeling of isolation 
among students. Students and teachers have a limited amount of time to get to 
know each other during online classes, so they assign observations based on their 
experiences and professional stereotypes (Oppola et al., 2004). Through the per­
formance of tasks, activity, and joint analysis of a given issue, these teams maintain 
and strengthen trust quickly. According to Meyerson et al. (1996, p. 180), “Th e 



   
 

 
 

  
  

  

 
   

 
  

200 Online Learning Analytics 

more forceful the action, the greater the willingness to trust, and the more rapidly 
does trust develop.” 

Iacono and Weisband (1997) also dealt with the issue of swift trust. Th ey 
researched to understand how temporary and distributed student teams build and 
maintain trust. The result of this study was the discovery of a high level of trust 
in groups characterized by high interaction and commitment. The authors of this 
study define it as “doing trust work” (p. 413). When analyzing the given example, 
it can be observed that the critical factors in building trust, both in a fast and tra­
ditional way, are communication and commitment by performing duties honestly. 

Research on the concept of swift trust at the global virtual team was conducted 
by Jarvenpaa and Leidner (1998). They extended this concept to defi nitions of 
a global virtual team, characterizing it as a temporary, geographically dispersed, 
culturally diverse, electronic communication workgroup. The conducted research 
analyzed the behavior and actions at the early and later stages of group work. Th e 
result of the considerations is the indication of activities and behaviors that facili­
tate building trust in a virtual group.  

At an early stage, the actions to foster trust will be (Jarvenpaa and Leidner, 1998): 
• Communication. Focus on conveying emotions, enthusiasm, social exchanges,  

social communication. 
•	 Team  activities.  Individual initiative, suggestions, opinions, solving prob­

lems with technical uncertainty, proposing topics, presenting areas of interest. 
At a later stage, the behaviors and activities to facilitate trust will be (Jarvenpaa  

and Leidner, 1998): 
• Communication. A systematic course, timely and substantive answers, feed­

back on getting acquainted with a given issue, explanations and answers to  
the questions asked. 

•	 Team  activities.  Active participation in the activities of all team members,  
transition from lecture to task mode, the ability to react and concentrate in  
unforeseen situations. 

Analysis by Jarvenpaa and Leidner (1998) identifi es unique communication and 
trust-building behaviors in global virtual teams. Appropriate task communication  
allows maintaining the trust and showing commitment allows strengthening trust  
in the online environment.  

Coppola et al. (2004), based on their studies, proposed the following trust-
building strategies in the online environment: establish early communication,  
develop a positive social atmosphere, reinforce predictable patterns of communica­
tion and action (students need structured activity, repetition, and feedback), and 
involve team members in tasks. 
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In the literature, different behaviors which support trust-building (which can be 
implemented in online education) are described—for example, by Bracey, 2002; 
Galford & Seibold Drapeau, 2002; Bibb & Kourdi, 2004; Six, 2005; Paliszkiewicz 
et al., 2015; and Paliszkiewicz & Koohang, 2016: be transparent; be open; show 
that you understand the needs of the person; establish the guiding principles of 
how you will operate; explain the resources you will use in this work; keep to the 
principles you have elaborated; manage mutual expectations; engage in constant, 
honest, two-way communication; reinforce through consistent behaviors; be 
responsive; use caring; be sincere; be trustworthy; create authentic communication; 
be competent; have positive intent; be able to forgive. 

Research Method 

Characteristics of the Research Sample 

The survey was conducted among students at the Warsaw University of Life 
Sciences in Poland. The respondents were students of economics and construc­
tion, as well as doctoral students representing various scientifi c disciplines. Th e 
study was conducted online using a Google® form. Two hundred twenty-seven 
people participated in the study. 

The Instrument and Data Analysis 

The instrument was created based on the previous work of Booth (2012), Wang 
(2014), and Muthuprasad et al. (2021). It consisted of the questions concerning 
technological availability and software used, benefits, bottlenecks, and factors 
affecting online learning. In the study, the Likert scale was used: 5, strongly 
agree; 4, agree; 3, I do not know; 2, disagree; 1, strongly disagree. Th e frequency 
of the ratings given was calculated for questions. 

Research Results 

Demographic Characteristics of Respondents 

The average age of the respondents is 22 years. There were 78.41% women and 
21.59% men. Among them were 60.35% of bachelor’s degree students, 33.04% 
of master’s degree students, and 6.61% of participants of the doctoral school 
(see Table 11.1). 



Demographic data 
Number of respondents = 227 

Gender Female 
Male 

78.4% 
21.6% 

Degree of studies Bachelor’s degree 
 Master’s degree 
 Doctoral School 

60.4% 
33% 
6.6% 
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Table 11.1  Demographic Data 

Source: Own elaboration based on the conducted research. 

Technological Availability and Software Used 

The variety of devices used by students to participate in online classes infl uences 
the perception of it. When choosing an online learning platform, a university 
should pay attention to its compatibility with various tools. Most students prefer 
laptops as the most used tool (60.4%). Next, they like smartphones (34.8%), 
computers (16.4%), and tablets (8.8%). The respondents could choose from sev­
eral tools. The prospect of participating in virtual classes with the help of the 
available tools reduces the likelihood of technological diffi  culties. 

When analyzing the software used during online learning at the university, 
most students indicated the Microsoft® Teams® program (91.2%). A small group 
of respondents also mentioned the communication using e-mail, Moodle®, and the 
publication of information on university websites. By using diff erent applications, 
the instructor can maintain constant contact with students. The possibility of ask­
ing questions in written and oral form allows them to communicate and build trust. 

Benefits of Learning Online 

The answers to the questions concerning the benefits of online learning are pre­
sented in Table 11.2. 

The survey results indicate that the respondents recognized comfort during 
classes as important benefit of online education. The answers, 4 (agree) and 5 
(strongly agree), were chosen by 68.28% of respondents. Also, flexible classes and 
easier access to the presented materials were underlined as an essential benefi t by 
59.91%. Development and acquisition of new technological skills were indicated as 
a very important benefit only by 16.30% of respondents; for 26.43%, it was neutral. 
Most of the students (answers 1 and 2) assess negatively that greater ability to con­
centrate (63%) and more possibilities of contact (online) with the lecturer (64.31%) 
were benefits of online education. Learning self-discipline and greater responsibility 
got 47.57% negative answers and 38.76% positive; 13.66% was neutral. 



 

 

   
 

 
  

 
 

 
 
 
 

 

 

  

Questions 

Strongly  
disagree Disagree   Neutral  Agree 

Strongly  
agree 

1 2 3 4 5 

More comfort during  
classes 0.88 17.18 13.66 22.91 45.37 

 Flexible schedule of 
 classes and easier access 

to the presented materials 
1.32 12.33 26.43 22.47 37.44 

Development and acquisi­
 tion of new technological 

skills 
18.94 23.35 26.43 14.98 16.30 

Greater ability to  
concentrate 39.65 23.35 3.52 17.18 16.30 

 More possibilities of 
contact (online) with the  
lecturer 

43.61 20.70 13.22 8.37 14.1 

Learning self-discipline 
and greater responsibility 26.87 20.70 13.66 27.75 11.01 
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Table 11.2  Benefi ts of Learning Online 

(Likert scale: 5 = most important and 1 = least important) (Source: Own elaboration based 
on the conducted research.) 

Bottlenecks in Online Learning 

The answers to the questions concerning the bottlenecks in online learning are 
presented in Table 11.3. 

The analysis of the results shows that the most significant problem in online 
learning is the self-discipline of the respondents (56.83% strongly agree or agree 
with this statement). The respondents also indicated the lack of interpersonal con­
tacts as important factors lowering online learning effectiveness (57.26% strongly 
agree or agree with this statement). Data problems resulting from the inability to 
actively participate in the implementation of the curriculum signifi cantly aff ect 
the evaluation of the quality of teaching (46.7% of respondents agree or strongly 
agree with the statement that poor quality of teaching is the bottleneck in online 
learning; for 16.3% it is neutral, and 37% disagree or strongly disagree). In many 
cases, issues with the Internet infrastructure are also problematic, which negatively 
affects the perception and trust in this type of learning. In the research, the follow­
ing aspects were taken under consideration: 

•	 Data speed (39.65% agree or strongly agree, 30.40% neutral, 29.95% dis­
agree or strongly disagree) 

• 	 Problem with Internet connection (41.85% agree or strongly agree, 24.23% 
neutral, 33.92% disagree or strongly disagree) 



  

 

  

 
 

  
 

  
 

 
    

 
  

 

Questions 
 Strongly 

disagree Disagree Neutral Agree  Strongly 
agree 

1 2 3 4 5 

Self-discipline 7.49 11.45 24.23 23.35 33.48 

Little or no face-to-face  
contact and interaction 23.35 11.45 7.93 28.63 28.63 

Poor quality of teaching 3.08 33.92 16.30 23.35 23.35 

Data speed 9.25 20.70 30.40 22.91 16.74 

 Problem with Internet 
connection  15.42 18.5 24.23 23.79 18.06 

Lack of proper equipment 23.35 25.55 20.70 22.47 7.93 

Data limit 31.28 28.19 14.54 18.06 7.93 
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Table 11.3 Bottlenecks in Online Learning
 

(Likert scale: 5 = most important and 1 = least important) (Source: Own elaboration based 
on the conducted research.) 

•	 Lack of proper equipment (48.9% agree or strongly agree, 20.70% neutral, 
48.90% disagree or strongly disagree) 

• 	 Data limit (25.99% agree or strongly agree, 14.54% neutral, 59.47% disagree 
or strongly disagree) 

Technological infrastructure is a critical factor in fostering trust in online learn­
ing. The constantly arising problems contribute to the emergence of fears, or at the 
crucial moment, there will be no problems that cannot be quickly resolved. Th e 
quality of the presented multimedia material is an essential factor when learning 
online. The occurring disruptions and problems with showing the content aff ect 
the audience negatively. To a lesser extent, there is a problem with access to appro­
priate devices. The compatibility of programs with various devices allows everyone 
to participate in such activities. However, in many fields of study, specialized pro­
grams are used to develop skills and implement the curriculum. Th erefore, there 
may be a problem with access to such software, which has a negative impact on the 
perception of this learning mode. 

Factors Affecting Online Learning 

Factors affecting online learning are presented in Table 11.4. 
The key factors that positively influence the achievement of eff ective online 

learning are ranked from 1 to 10, taking under consideration the number of 
answers. In the first place is the ability to concentrate (70.48% positive answers, 
21.15% neutral, and 8.37% negative). Ability to concentrate is related to focusing 



 

Questions 
 Total number

of grades 

Strongly 
disagree Disagree Neutral Agree 

 Strongly
agree 

Rank1 2 3 4 5 

Ability to concentrate 936 0.44 7.93 21.15 18.50 51.98 1 

 Amount of content
uploaded 926 0.44 7.93 17.62 31.28 42.73 2 

Motivation of the students 922 0.44 0.00 32.16 27.75 39.65 3 

Communication skills of 
the instructor 905 7.49 1.32 21.15 25.11 44.93 4 

 Classes conducted with
the use of presentations 884 7.49 0.88 24.23 29.52 37.89 5 

 The level of knowledge of
the lecturer in the fi eld of 
the content provided 

849 14.10 0.44 15.86 36.56 33.04 6 

Technical skills of the 
instructor 844 13.22 2.64 21.15 25.11 37.89 7 

 Classes conducted with
the use of prepared fi lm 
material 

792 1.32 9.25 43.61 30.84 14.98 8 

 Systematized structure of
classes 778 13.66 9.25 24.23 26.43 26.43 9 

Technical skills of the 
students 774 7.93 14.10 32.16 20.70 25.11 10
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attention on the presented content and avoiding discrepancies. The amount of con­
tent is also crucial (74.01% positive answers, 17.62% neutral, and 8.37% negative). 

When arranging a plan for the lecture, the teacher should consider such ele­
ments as discussion or student activity. Although the instructor is the most criti­
cal player in establishing trust in online teaching, course design can have an 
impact as well. Appropriately designed content and presentation are crucial factors 
in achieving an effective teaching experience in online classes and can help trust 
building. The course needs to be designed with the most opportunities for com­
munication between and among the students and the instructor and the oppor­
tunity for students to give feedback to one another. Motivation is essential to 
achieve the set goals and increase efficiency in learning (67.4% of respondents agree 
or strongly agree with this statement, 32.16% were neutral, and 0.44% disagree). 
Also, respondents indicated communication as a critical factor in online learning, 
so the lecturers should skillfully convey new content to interest the audience and 
create engaging conversations (70.04% of respondents agree or strongly agree with 
this statement, 21.15% were neutral, and 8.81% disagree or strongly disagree). 

The respondents prefer multimedia presentation as the primary tool for provid­
ing information (67.41% of respondents agree or strongly agree with this statement, 
24.2% were neutral, and 8.37% disagree or strongly disagree). By possessing a high 
level of knowledge in a given field, the lecturer builds the image of a trustworthy 
person, which also helps create an effective online learning environment (69.06% 
of respondents agree or strongly agree with this statement, 15.86% were neutral, 
and 14.54% disagree or strongly disagree). 

Respondents also mentioned the technical skills of the instructors as a factor 
influencing learning (63% of respondents agree or strongly agree with this state­
ment, 21.15% were neutral, and 15.86% disagree or strongly disagree). Students 
also like the video materials prepared by teachers and used during classes (45.82% 
of respondents agree or strongly agree with this statement, 43.61% were neutral, 
and 10.57% disagree or strongly disagree). A high average of answers also got the 
systematized structure of classes. This facilitates learning and allows returning to 
the presented content (52.86% of respondents agree or strongly agree with this 
statement, 24.23% were neutral, and 22.91% disagree or strongly disagree). 

Technical skills of students also influence the level of online education (45.81% 
of respondents agree or strongly agree with this statement, 32.16% were neutral, 
and 22.03% disagree or strongly disagree). 

Additionally, the respondents were asked to assess students’ ways of verifi cation 
of participation and knowledge level. The results are presented in Table 11.5. 

When analyzing the respondents’ activity, which is crucial in building swift trust, 
the highest score was given to assigning specific tasks and conducting online tests 
for assessment (48.45% of respondents agree or strongly agree with this statement, 
17.18% were neutral, and 34.36% disagree). Involving students to prepare projects 



 

Questions 

Total 
 number

of grades 

 Strongly
disagree Disagree   Neutral  Agree 

 Strongly
agree 

Rank1 2 3 4 5 

 Assigning assignments
 and conducting online

tests for assessment 
741 15.42 18.94 17.18 20.70 27.75 1 

Encourage discussion and 
asking questions 667 14.54 20.26 27.31 32.60 5.29 2 

 Monitoring students
during classes (call­

 ing selected people to
answer) 

640 24.23 24.23 17.62 13.22 20.70 3 
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in a given area consists of building a committed team and increasing interactions 
between students. It requires students to rely on each other to complete them. 
To get students to participate fully during online lectures, active participation 
should be required, and the instructor should maintain a presence and moti­
vate the students. Respondents also indicated encouragement in discussion and 
asking questions (37.89% of respondents agree or strongly agree with this statement, 
27.31% were neutral, and 34.80% disagree). Monitoring students during classes 
(calling selected people to answer) was ranked lower (33.92% of respondents agree 
or strongly agree with this statement, 17.62% were neutral, and 48.46% disagree). 

Discussion 

Studies are showing that properly designed online classes are an excellent substi­
tute for traditional teaching. However, when analyzing the current situation and 
the lack of thorough preparation for introducing online learning, several prob­
lems can be observed. One of them is the quality of teaching—that is, design­
ing and presenting a given issue. Effectiveness depends to a large extent on the 
appropriate adaptation of the content to the online environment. A signifi cant 
factor causing anxiety concerning virtual learning is the lack of trust resulting 
from introducing the new learning mode. Many students have not had contact 
with such a mode of teaching because it was not raised on such a scale, so it can 
be concluded that it is a social experiment. 

Proper building of the schedule of classes allows avoiding the cognitive and 
physical burden resulting from the use of electronic equipment. To have a pro­
ductive learning environment, the instructor needs to develop and maintain 
a sense of trust between and among the students and the instructor through 
good course design and facilitation (Coppola, 2004). Access to the materials 
presented during classes and engaging students to actively create their structure 
contribute to the increase in the level of trust. Technological development allows 
carrying out both theoretical and practical online classes. Introducing innova­
tive solutions increases the eff ectiveness of online learning. A perfectly developed 
topic, connectivity, and the use of appropriate multimedia tools can infl uence the 
perception of online learning on a par with traditional teaching. The ability to use 
such tools and the communication skills of the lecturers are important factors in 
building trust. Continuous interaction with students is essential to maximize the 
satisfaction of working in a virtual environment. Research by Jonhson et al. (2008) 
confirms the existence of a dependency in this area. Students’ frequent involvement 
influences their concentration, and the importance of interaction frequency was 
also presented by Huggett (2014). In the current situation, online learning makes 
it possible to reach all students and continue the curriculum. 
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Conclusion 

This paper contributes to the debate concerning the role of trust in online learn­
ing. The transition to online learning was sudden, so universities did not have 
time to properly design their online curriculum. The student experience can be 
incorporated to improve the productivity and efficiency of this learning mode. 
Another aspect of improving remote learning and building trust is that it is 
unknown how long the COVID-19 pandemic will last. Even after restrictions 
are withdrawn, there is a high probability that different institutions will com­
bine these two forms of learning. The results of the research can contribute to 
the teaching process as well as to the choice of the type of research method.  
Increasing confidence in online learning can contribute to increasing interest in 
this form of education. 

Adapting education to the current pandemic situation has contributed to 
establishing online learning as the primary learning mode. Th e consequences 
of implementing this teaching mode depend on two factors. Th e first is the cor­
rect approach leading to this learning mode. Appropriate design of the presented 
content and constant stimulation of social communication will build trust among 
students. With the technological development of that time, this type of teaching 
could be perceived as on equal footing with traditional methods in the future. 
Another factor is the involvement of students in the design of the course. Th e abil­
ity to formulate opinions, provide content, and perform specific tasks allows one 
to actively participate in meetings (Muthuprasad et al., 2021). 

The results of the survey showed a positive attitude of respondents to online 
learning. Learning through commitment allows optimizing the learning process. 
Th e benefits contribute to increasing trust in online learning. From the research 
analysis, it can be concluded that the main benefits are more comfort during 
classes, flexible schedule of classes, and easier access to the presented materials. 
The main bottlenecks concerning online courses are self-discipline and little or no 
face-to-face contact and interactions. Respondents also underlined factors aff ect­
ing online learning. The main are the ability to concentrate, the amount of content 
uploaded, and the students’ motivation. 

These factors should be considered when designing an online course to elimi­
nate anxiety and fear of possible failure. In the future, academic units may use 
online platforms, combining them with traditional classes. Therefore, the con­
ducted research is a valuable element in constructing courses to increase students’ 
trust and engagement in this teaching type. 

This study was limited to a sample of convenience from one higher education 
institution in Poland. Future studies should focus on a larger sample population 
from diverse institutions and/or organizations to enhance the generalizability 
of the findings. Further research should also consider the inclusion of possible 
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emerging users’ privacy concerns and cybersecurity issues. More research is needed 
to understand how the lack of physical contact and the limitations in social inter­
action influenced students’ performance if they could develop self-discipline. 
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Face Detection with 
Applications in Education 

Juan Carlos Bonilla-Robles,1 José Alberto Hernández 
Aguilar,1 and Guillermo Santamaría-Bonfi l2 

Abstract 

E-learning has grown in importance, particularly nowadays under the COVID 
pandemic context. In this type of educational application, it is extremely useful 
to apply face-detection techniques to support online teachers—not only for the 
automation of roll call and for proctoring (supervision functions) in online assess­
ments, but also to identify academic emotions, learning engagement, or boredom 
to carry out automatic adaptive tasks. In this research, we discuss the application 
of Haar filters and the AdaBoost classifier (Viola, 2001) for the detection of faces, 
in order to facilitate the counting and proctoring in online education activities. 
For this purpose, we analyzed 1,100 positive images (faces) and 1,100 negative 
images (no faces) to train a model; we obtained our own Myhaar.xml fi le and 
compared it with the default frontal .XML file of OpenCV; for this test we use 

1 Autonomous University of the State of Morelos (UAEMor), Av. Universidad 1001, Col. 
Chamilpa, Cuernavaca, Morelos, México 

2 National Council of Science and Technology—National Institute of Electricity and 
Clean Energy (CONACYT-INEEL), Reforma 113, Col. Palmira, Cuernavaca, Morelos, 
México 

213 



 

 

  

 
 

    
 

 
 

 
 
 
 
 
 
 

  

 
  

 
  

 

 

214 Online Learning Analytics 

150 positive images and 150 negative images collected from diff erent real-world 
video conferences. Results show the balance accuracy of our proposal is better 
(87% vs. 82%) than the default frontal classifi cation of OpenCV. The main con­
tribution of this paper is the application of a classic, low-cost technique for the 
detection of faces in online educational settings. 

Keywords: Computer vision, Haar filters and AdaBoost, online teaching 

Introduction 

Face detection is emerging as an active area of research, covering various disci­
plines such as image processing, pattern recognition, computational vision, and 
neural networks (Chellappa et al., 1995). 

Detection of faces using a computer system is the process of identifying faces in 
images or frames. This process has gained great importance in areas such as secu­
rity, marketing, social media, and education, among many more (Wechsler, 2009). 

Learning analytics (LA) is an emerging field that seeks to define the analytics of 
learning, its processes, and its potential to advance teaching and learning in online 
education (Elias, 2011). 

In the area of learning analytics, facial recognition plays an important role, both 
in the human-in-the-loop and the automation, for customization of the learning 
and the systems that deliver it. In schools and educational settings, facial recogni­
tion is a preliminary step required for tasks that are more complex, such as the 
automatic attendance roll management to reduce the burden of carrying the roll 
call and preventing fake attendances. In other settings, facial recognition is used for 
e-assessment for identifying intruders during virtual examinations and in school 
security monitoring for identifying intruders and other threats, such as gun-shaped 
objects. Similarly, the analysis of facial actions, micro-expressions, eye tracking, 
and other facial landmarks are used for the detection of academic emotions (e.g., 
contentment, anxiety, hope, etc.) (Wentzel, 2009), cues of learning, and engage­
ment, which can be exploited by adaptive systems (Andrejevic, 2019). 

Although humans do not require much effort for detecting and recognizing 
faces, the problem is not the case when it is intended to be solved from a compu­
tational vision approach (Suarez, 2000). Since its inception, diff erent techniques 
have emerged to perform face detection. Th e first algorithms based on heuristic 
and anthropometric techniques emerged in the 1980s. These techniques have dif­
ferent approaches. The holistic or image-based approach works with the full image, 
in which features representing the object to be detected are extracted. Focus based 
on facial features or local features looks for key elements that conform to the 
human face, such as the eyes, nose, and mouth. Finally, the hybrid approach is a 
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method that combines the two previous approaches using both local and global 
characteristics (Guevara et al., 2008). 

Facial features have been used to detect emotions such as boredom, confusion, 
delight, engagement, frustration, and surprise when students are involved in deep-
level learning (McDaniel et al., 2007) and uses human judges and correlational 
analysis to classify emotional states. Bosch et al. (2015) use computer vision and 
machine learning techniques to detect emotions from data collected in a real-world 
environment of a school computer lab; up to 30 students at a time participated in 
the class, and results were cross-validated to ensure generalization to new students. 
Th e classification process was successful (AUC = .816). 

Problem Statement 

In the current context of the SARS-COV-2 pandemic, it is extremely useful to 
apply face-detection techniques to help teachers move through the list, monitor 
(supervisory functions), and analyze the acceptance of educational content to 
students—among other activities being carried out online—so it is necessary to 
improve effectiveness and give greater credibility to the education sector as well 
as distance education. 

Because of the above, many institutions are incorporating biometric recognition 
for this purpose. With advances in technology, systems capable of solving the vari­
ous problems have now been implemented. Some of the techniques used in systems 
have a high degree of effectiveness for face detection; however, the human face is a 
dynamic object with a high degree of variability in lighting, angle, and image size 
making its detection an active problem to address. 

That is why in this research it is proposed to design and implement an algorithm, 
based on Haar filters for training and AdaBoost for the detection of faces derived 
from online evaluations, and compare the results obtained with the results of 
openCV and others reported in the literature. 

Literature Review 

As online education has soared, face detection is required to help count and 
monitor online education activities. 

Singh et al. (2014) developed a system of control of assistance through detection 
and facial recognition to facilitate and improve the process of the passing list (mark 
attendance). This process, carried out by the teacher manually, is time consuming 
for the class, which could be used constructively in teaching or clarifying doubts. 

To perform facial recognition, they used Principal Component Analysis (PCA); 
the system works by projecting the face image into a feature space that encompasses 
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significant variations between images of known faces. PCA produces a set of 
Eigenfaces, which correspond to the larger eigenvectors of the covariance of the 
training data. 

These are known as “Eigenfaces” to the significant characteristics because they 
are the oxygenators (main components) of the whole of faces. This does not neces­
sarily correspond to characteristics such as eyes, ears, and nose. 

On the other hand, Gutierrez et al. (2017) implemented techniques such as 
Eigenfaces and Fisherfaces for face detection. “Emotion Experience” is a system 
that, in its first stage, performs face detection and subsequently recognizes the emo­
tional state to evaluate the experience of users (children) interacting in front of the 
computer while performing activities such as watching movie fragments or playing 
a video game. For this project, they propose to analyze Eigenfaces and Fisherfaces. 

Fisherfaces uses linear discriminating analysis (LDA), which works by reducing 
the dimensionality of the image to find the best features, which allow recognition. 
It has a good recognition rate, but is lower than the effectiveness rate of Eigenfaces. 

With 97% effectiveness rate and 2.5% error rate for Eigenfaces against 94% 
effectiveness rate and 50.5% error rate for Fisherfaces, it is concluded that the best 
Eigenfaces are better for face detection. 

Krithika et al. (2017) developed a system for analysis in images, describing 
student behavior in learning environments through face detection and facial trait 
analysis. 

Face Detection Techniques 

Geometric Approach 

Feature-based methods perform analysis of face properties and geometry, such as 
areas, distances, and angles between face elements. PCA (Principal Component 
Analysis), Eigenfaces, and Fisherfaces techniques, based on geometric character­
istics, give importance to the structural shape of facial components such as the 
nose, mouth, and eyes (Mehta et al., 2018) (see Figure 12.1). 

Figure 12.1 Methodology for the Geometric Focus Detection of Faces (Mehta et al., 
2018) 
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Machine Learning Approach 

This approach is based on appearance, where attributes such as intensities, pixel 
values, and histograms are considered. After extensive training with the help of pre-
labeled datasets, machine learning techniques are applied to detect faces (Mehta 
et al., 2018). Figure 12.2 shows some of the techniques used for machine learning, 
such as Support Vector Machines, Deep Neural Networks, and Decision Trees. 

Figure 12.2 Methodology for Face Detection Approach Machine Learning (Mehta 
et al., 2018) 

Methodology 

The methodology implemented in this research work is based on the proposal of 
Viola and Jones (2001). This methodology is divided into six stages, as shown in 
Figure 12.3. In the fi rst stage, the input image is received, and preprocessing is 

Figure 12.3 Face Detection Methodology (Based on Viola & Jones, 2001) 
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applied. In the second stage, a transformation of the previous image into a new 
image occurs, called the integral image. The third stage consists of the extraction 
of characteristics (features) using Haar fi lters, with the characteristics obtained 
from the previous stage. The process continues with the fourth stage, where the 
training of the AdaBoost algorithm is performed. In the fifth stage, a cascading 
classifi er classifies the characteristics. Finally, face detection is performed, and 
its accuracy metrics are estimated. 

Image 

An image is a two-dimensional (two-dimensional) representation of an image 
through a numeric array in the binary system (ones and zeros); this can be defi ned 
as the following function: 

f (x, y) 

where (x, y) are the spatial coordinates (flat) and amplitude of the function f at 
some pair of coordinates (González & Woods, 1992). 

Kumar and Verma (2010) classify images in three types: 

• Binary image. An image that in its pixels contains only values 0 and 1, 
interpreted as black and white, respectively, or you can also use any other 
color scheme. 

• Grayscale image. Such images are known as gray-level intensity images. 
These images contain values ranging from [0,1] to [0,65535] depending on 
the bit depth. 

• True-color image. Also known as an RGB image; in this type of image, each 
pixel is specified by the intensity of its corresponding RGB components or 
channels (Red, Green, Blue). For single or double arrays, its range of values 
is [0,1]. The normal data type for an image is uint8; this indicates an integer 
presented in 8 bits. That is, 2 ̂  8 = 256 values that are distributed in the range 
of [0,255] for each pixel. For uint16 indicates an integer presented by 16 bits, 
2 ^ 16 = 65536 values in a range of [0,65535] for each pixel. 

Database Construction 

The total database consists of 2,200 images, of which 1,100 are positive and 
1,100 are negative. For positive images, we use several databases available on the 
Internet, and additionally, we collect other positive images of video sessions called 
from higher education institutions. For these images, the faces were trimmed 
individually, considering the total face, partial, front, or some other position, and 
were named consecutively. 
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With this procedure, 400 positive images are generated. To expand the number 
of samples, positive images are collected from other freely accessible and published 
databases. The databases used are: Eigenfaces and a Simple Face Detector with 
PCA/SVD in Python (2018); Rezaei, M. (2013); Computational Intelligence and 
Photography Lab, Yonsei University (2019); and Yale Face Database | vision.ucsd. 
edu (2021). These images are color scale and other grayscale images in .jpg and .png, 
and the size varies from 64 to 430 pixels. 

Negative images are obtained from cocodataset.org (COCO, 2020), and images 
that do not contain human faces are selected. These images are in .jpg, color format, 
and the sizes vary from 250 to 640 pixels. 

Preprocessing 

Converting RGB Image to Grayscale Image 

At this stage of preprocessing, if the input image is in RGB format, it is con­
verted to grayscale to facilitate feature extraction, data storage, and reduction 
in computational complexity (Raveendran et al., 2018). The conversion is done 
by adding the RGB components of each pixel and is divided by the number of 
components—three components corresponding to Red, Green, and Blue. Th is 
process is represented by the following equation (Urueña et al., 2011). 

R �G � B x y  � �  � �  , � �  x y  , x yGrey , � x y  3� �  
, 

Normalization 

By normalization, we refer to having certain independence from the properties 
of the image, such as brightness and contrast. 

The purpose of applying histogram normalization processing on the image is to 
correct images that are too dark or excessively light. 

This process is represented by the following mathematical equation (Universidad 
de la República, 2003): 

0�N Levels �1� 
, .I x, y � ( )  �N x  y  min I  � �  � � �  

I � I�� � � �  

Be I (x, y) the input image 
Where: 
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• I (x, y), the gray level of the image at the coordinate (x, y). 
• min (I ),  max (I ): minimum and maximum gray level in the image, respectively. 
• N (x, y), the gray level of the normalized image at the coordinate (x, y). 

All images are subjected to preprocessing color-to-grayscale conversion and histo­
gram normalization. OpenCV libraries in Python language were used for this purpose. 

In this line of code with the method cv2.imread the image is loaded. 

img = cv2.imread(′/path/image.jpg′) 
In the second line of the code, we convert the RGB image to grayscale with the  

method  cv2.COLOR _ BGR2GRAY. 

img _ gray = cv2.cvtColor(img,cv2.COLOR _ BGR2GRAY) 

Th e next line of code with the method  cv2.NORM _ MINMAX we normalize  
histogram levels with parameters of [0,255] 

img _ norm = cv2.normalize(img _ gray,None,0,255,cv2. 
NORM _ MINMAX) 

Integral Image 

An integral image, also called a summative area table, is a tool used when you have  
a function from pixels to real numbers  f (x, y), and it is required to calculate the  
sum of a function over a rectangular region of the image (Bradley & Roth, 2007). 

Th e sum is calculated in linear time per rectangle, initially calculating the value  
of the function pixel by pixel. However, the integral image allows you to calculate  
the sum over multiple overlapping rectangular windows. 

Th is image allows to quickly extract features at diff erent scales, containing the  
sum of the pixels at the top and left of the image (Guevara et al., 2008). 

To perform the calculation of the integral image, it is stored in each location  
I (x, y) the sum of all terms f (x, y) left and top of the pixel (x, y). 

For each pixel, the following mathematical equation is used and is performed  
linearly (Bradley & Roth, 2007). 

I (x, y) = f (x, y) + I (x – 1,  y) + I (x, y   –1) – (x – 1, y – 1) 

 Figure 12.4 shows the input of the values of a simple image, then as a second  
image we have the integral image calculated, and fi nally, using the integral image,  
the sum of  f(x,y) is calculated over the rectangle D. Th e latter is equivalent to the  
summation defi ned by the rectangles (A+B + C+ ) – (A+B) – (A+C) +A, which  
are shown in the right hand of Figure 12.4. 
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Figure 12.4 Integral Image Calculation 

Once the integral image is obtained, we can calculate in linear time, the sum of 
the function for any rectangle with the upper left corner (x1,y1) and the top right 
corner (x2,y2), with the following equation. 

x y2 2 

� , � I (x y  ) � I x y  1� I x  �1,  y � � I (x �1,  y �1)  ¦¦ f x y  , � , �  �  � �2 2 2 1 1 2 1 1 
x x y y  1 1 

Removing Haar Features 

Geraci et al. (1990) define feature extraction as an important step in pattern recog­
nition, in which measurements or observations are processed to fi nd attributes 
that are used to map objects to a particular class. Features in images are extracted 
when applying functions that allow the representation and description of inter­
est of the image (patterns). 

In this research work, the extraction of features is done by applying Haar fi lters 
to the image. Th ese filters are calculated on the top image, traverse the entire image 
from top to bottom and from left to right at all possible scales, both horizontally 
and vertically, each possible position and scale corresponding to a Haar feature. 

Experimentation 

Creating the Haar Cascading Classifi er 

The Haar cascading classifier was created based on the article by Rezaei (2013), 
which provides a detailed step-by-step tutorial on what it takes to create the .xml. 

The process is divided into fi ve steps: 
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A. Collection of positive and negative training images 

We will take the images of the previously created database. 
Positive images are those containing the object to be detected—in this particu­

lar case, images containing human faces, and negative images are those that do not 
contain the object to be detected. 

B. Organization of negative images 

Create a file .txt that contains the list name of the negative images. Example: 

image001.jpg 
image002.jpg 
image003.jpg 
...  

C.  Crop and mark positive images 

Th is step creates a vector fi le that contains the names of the positive images and 
also the location of the objects to be detected. For this process, the authors share 
two tools: Objectmarket and ImageClipper. 

D.  Creating the vector of positive images 

A batch fi le is created in this fi le; you must specify the following: 

createsamples.exe -info positive/info.txt -vec 
vector/facevector.vec -num 1100 -w 24 -h 24 

info positive/info.txt Represents the fi le path of positive images 
-vec vector/facevector.vec Represents the path of the output vector  
-num 1100  Number of positive fi les 
-w 24  Object width 
-h 24  Object height 

After running the batch fi le, a fi le is generated,  facevector.vec, in the folder  
-training-vector  

E. Haar  training 

Th e Haartraining.exe collects a new set of negative samples for each stage. It uses  
the information from the previous stages to determine which of the candidate  
samples are poorly classifi ed. 

Training ends when the proportion of samples misclassifi ed with respect to  
candidate samples is less than the unemployment condition.  

Once the training process is complete, get the MyHaar.xml, which is used for  
face detection. 
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Tuning Parameters 

The following experimentation aims to find the best scale factor (scaleFactor) 
and minimal neighbors (minNeighbors) parameters for OpenCV classifi ers and 
the classifier previously created by us. 

The experiment is performed with 300 images, of which 150 images are posi­
tive and 150 images are negative. These images are not found in the database with 
which the classifier was made. The parameters used are scaleFactor and minNeigh­
bors. Th e first is a parameter that specifies how much the image size is reduced on 
each image scale. The scaleFactor values used range from [1.1, 1.9]. The second is a 
parameter that specifies how many neighbors each candidate rectangle must have 
to retain it. As the parameter gets larger, less detection is obtained, but with higher 
quality. It takes integer values from [1, 10]. 

Experimentation Results 

By tuning parameters and selecting the best ones for each of the classifi ers to 
compare, the following results are obtained. 

Figure 12.5 shows that in a good part of the parameter tuning experiments the 
performance of the algorithm developed is better than that of OpenCV. 

For the OpenCV classifi er frontalface_default its best parameters for face detec­
tion are: scaleFactor: 1.2, minNeighbors: 4. 

With these parameters we get: 

Positive Negative 

Faces 105 9 

No Faces 45 141

 The best parameters for our classifi er 'MyHaar' are scaleFactor: 1.3, 
minNeighbors: 8. 

With these parameters we get: 

Positive Negative 

Faces 122 11 

No Faces 28 139 
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Results Metrics 

True Positive Rate 

The rate of true positives (TPR, also called sensitivity) is calculated as TP / 
(TP + FN). TPR is the probability that a real positive result will test positive. 

True Negative Rate 

The rate of true negatives (TNR, also called specifi city), which is the probability 
that an actual negative result will give a negative result. It is calculated as TN / 
(TN + FP). 

Recall 

Recall is the relationship TP / (TP + FN). This metric intuitively captures the 
classifier’s ability to find all positive samples. 

The best value is 1 and the worst value is 0. 

Balanced Accuracy 

Balanced accuracy in binary and multiclass classification problems is used to address 
unbalanced datasets. It is defined as the average of Recall obtained in each class. 

The best value is 1 and the worst value is 0 when set to False. 
It is calculated as (TPR + TNR) / 2 

Results Comparison Table 

Table 12.1 shows the results of the measurement metrics mentioned above, obtained 
from the experiments performed. A higher effectiveness rate is obtained with the 
'MyHaar' classifier carried out in this research project with respect to the 'frontal 
face_default' classifier created by OpenCV. 

Table 12.1  Comparison of OpenCV and MyHaar Classifi ers 

TPR TNR Recall Ba 

OpenCV 0.70 0.94 [0.94, 0.70 ] 82% 

MyHaar 0.81 0.92 [0.92, 0.81] 87% 
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Conclusions and Future Work 

We can conclude that the performance of the classifier designed and developed 
in this investigation has a slightly (5%) higher effectiveness rate for detecting 
faces with respect to the OpenCV classifi er. 

During the early days of face detection, many of the developed methods were 
designed on an ensemble classifier approach such as the popular Haar-Cascades. 
These types of approaches employed handcrafted features obtained from a sliding 
window over an image, to detect face regions over it (Minaee, 2021). Th is type 
of model excels when the task involves the detection of objects that can be well 
represented with blob-like features such as those commonly found on frontal faces. 

Nevertheless, Haar-Cascades or similar performing algorithms have several 
drawbacks for face recognition, such as managing images with objects with mul­
tiple scales several orders of magnitude different, variations in poses, face occlusion, 
emotional expressions, illumination, and other image variants (Minaee, 2021). 
Further, the Haar-cascades algorithm has an upper limit on the improvement it 
can achieve to the face detection problem, even when larger datasets are available. 

In the last 10 years, deep learning algorithms have considerably improved the 
performance of face detection to human-like performance through the usage of 
Convolutional Neural Networks (CNN), Cascade-CNN, and more recently archi­
tectures such as Recurring CNN, single-shot detection models such as You Only 
Look Once (YOLO) algorithm (Redmon et al. 2016), and Feature Pyramid Networks 
such as RetinaFace, to mention a few (Minaee, 2021). These deep learning models 
have considerable advantages over the classical models, such as allowing one to obtain 
complex features, improve with larger datasets, good in representing edge features for 
shape outlines, have a shorter detection time (Murillo et al., 2017), with a human-like 
accuracy (Minaee, 2021). Therefore, future work involves the usage of these state-of­
the-art algorithms for the detection of face recognition in online educational settings. 

A final note needs to be made regarding concerns that arise from automatic 
facial recognition technologies. These relate to the development of authoritarian 
behaviors, compromised civil rights, the misuse of biometric information, and rac­
ist and intolerant behaviors given by racially skewed datasets biased by skin color 
and ethnicity (Andrejevic, 2019). Thus, the recollection of data in school settings 
needs to be carried out with full consent of parents, and through a very rigorous 
process that guarantees the de-identification of individuals to minimize possible 
misuses of the information and segregation. 
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