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Abstract 
 
The growth of access to digital data in education has led to a massive increase in 
research utilizing digital data in education over the last several decades. Despite this 
growth, however, researchers remain unsure of the impact that learning analytics and 
other research areas are having on the educational landscape, or even how to measure 
this impact. This theoretical piece situates learning analytics within the larger research 
area of educational digital data analytics, summarizes different research within this 
larger research area, and offers a conceptual framework to situate different research 
within the educational digital data analytics research area that includes four 
philosophical divides. Suggestions are made for how this understanding of a larger 
research area within which learning analytics is a subset can be used to evaluate the 
quality and impact of research. 

Introduction 
Over the past two decades, the availability of big data has fundamentally 

transformed human consumption and analysis of information. This change has directly 
affected fields such as statistics and machine learning, (Gantz et al., 2012) as well as 
education. To accommodate the influx of digital data, new research areas and fields 
have been created within the educational research landscape. This is evidenced both by 
the rise of terms such as educational data mining and learning analytics (Sin & Muthu 
2015), and by the creation of new research societies and journals such as the Society for 
Learning Analytics Research (SoLAR), and International Educational Data Mining 
Society (IEDMS). As this growth has taken place, criticism has also grown that this 
research remains unapplied in nature (Knight et al., 2019). This criticism suggests that 
there are two bodies of growing and related research: the more technical, 
mathematically focused research, and the more theoretical, educationally focused 
research (Xie et al., 2020). It has been suggested that this split in the research has led to 
a lack of practical, applied, and evaluable learning analytics models (Baker, 2019). 

While there is merit to these criticisms, much of this confusion may simply be 
due to a lack of agreement as to what the boundaries are for these new research areas. 
For example, one of the most quoted definitions of learning analytics is given by 
SoLAR. They define learning analytics research as “... the measurement, collection, 
analysis and reporting of data about learners and their contexts, for the purposes of 
understanding and optimizing learning and the environments in which it occurs” 
(SoLAR, 2019a para. 1) While this definition is simple in theory, in practice it does not 
accurately capture what is commonly considered learning analytics research. One issue 
is that this definition is too broad. It could be argued that much research in fields such 
as problem-based-learning, curriculum and instruction, and educational policy (Site 
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Justin) could fall under this definition. The Handbook of learning analytics further 
clarifies the boundaries of learning analytics by suggesting common methods and 
practices within the field (Hoppe, 2017), but no new definition is suggested. 
 The ambiguity of the definitions of learning analytics and related research 
creates confusion among researchers that inhibits the free flow of information 
throughout academic research. This theoretical piece suggests a new area of research: 
educational digital data analytics research. After briefly defining this research area, five 
prominent research areas that fall within the bounds of EDDA research are summarized. 
Next, four philosophical divides between these research areas are identified. Finally, 
this information is synthesized into a conceptual framework of the current landscape of 
EDDA research, and current gaps in EDDA research are described. The view of 
learning analytics as a sub-field of EDDA research may help to understand the true 
impact it is having on educational research, and the conceptual framework suggested 
allows for a common set of vocabulary that can be used to evaluate and understand all 
EDDA research. 

Educational Digital Data Analytics Research 
 

EDDA research is here defined as any educational research that utilizes 
digitally-collected data to understand and improve student learning. This data can be 
directly generated by students, such as when trace data is collected from a learning 
management system, or may be collected and aggregated by teachers and 
administrators. EDDA research has grown exponentially since computers with network-
connectivity capabilities began to be integrated into education in the early 2000’s (Hew 
& Brush, 2007) This growth in research has taken place in an organic, unorganized 
fashion (Calvet Linan & Juan Perez, 2015). While this organic growth has allowed for 
unique ideas and multiple outlets for researchers, it has also led to a lack of cohesion 
and communication between researchers who may benefit from collaboration and 
greater awareness of each other’s work. The idea of a single community of educational 
analytics researchers in education research is not common in the literature. Instead, 
literature reviews and meta-analyses focus on smaller groups of literature such as 
learning analytics (Avella et al., 2016), educational data mining (Dutt et al., 2017), and 
intelligent tutoring, (Crow et al., 2018) treating each as a unique and discrete research 
field.  Each of these terms, along with its accompanying research society(s) and 
journal(s), represents a unique area within the EDDA landscape, all with their own 
philosophical and practical orientations. 
Five research areas 

Any simplification of the EDDA landscape will fail to capture all the opinions 
present in the literature. Not only are there thousands of publications each year that 
focus explicitly on EDDA, because the use of digital technologies such as learning 
management systems and computerized tests is common place in both K-12 and higher 
education, (Lochner et al., 2015) there are many more publications that implicitly 
involve EDDA in some way. However, there are large and/or distinct groups of research 
that are easily identifiable in the research, and it is those areas that this section focuses 
on.  
Learning analytics 

Learning analytics research is the measurement, collection, analysis and 
reporting of data about learners and their contexts, for purposes of understanding and 
optimising learning and the environments in which it occurs (SoLAR, 2019). The 
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Society for Learning Analytics Research (SoLAR) is the foci for this area of research. 
They are the publishers of the Journal of Learning Analytics Research, and host the 
yearly International Conference on Learning Analytics & Knowledge (SoLAR, 2019). 
The learning analytics research area of EDDA research was born out of collaboration 
between computer and learning scientists, and so takes a relatively technical approach to 
EDDA research (Dawson et al., 2014). Hoppe (2017) identifies three main 
methodological approaches that are central to learning analytics: Content-oriented 
analysis of learner artefacts using information and text mining techniques, Process-
oriented analysis of action logs to detect temporal patterns in learners data, and network 
analysis to show the relationship between actors within the learning process. The 2017 
publication of The handbook of learning analytics codified many of the methods, 
concerns, and philosophies of this strongly united research area.  

Educational data mining 
Educational Data Mining is an area of EDDA research that focuses on creating methods 
that take advantage of the large amounts of data created by students in order to better 
understand these students and their environments (IEDMS 2019 [1]). The foci of this 
research area is the International Educational Data Mining Society (IEDMS), which also 
publishes the Journal of Educational Data Mining and hosts an annual conference 
(IEDMS 2019 [2]). Educational data mining is often grouped with learning analytics, 
(Du et al. 2019) and the two fields do collaborate closely (Siemens & Baker 2012). 
Educational Data Mining concerns itself more with data in large-scale settings than 
learning analytics (IEDMS, 2019 [1]).  

Intelligent tutoring 
Intelligent tutoring systems (ITS) is centered around the development of individualized 
computer software design to give students immediate and operable feedback on their 
work (Clancey, 1981). The foci of Intelligent tutoring research is the Intelligent 
Tutoring System Conference hosted by the Institute of Intelligent Systems (ITS, 2019). 
ITS research differs in many important ways from the aforementioned research in that it 
is focused on a specific educational context— the use of computerized tutors. Some 
scholars (Pardo et al., 2018) differentiate ITS from related research in Artificial 
Intelligence in Education (AIED). The main goal of AI in education, as stated by the 
International Journal on Artificial Intelligence in Education is to aid in the design of 
computer-based learning systems (IJAIED, 2019). Because of the similarity of the two 
areas, they will be considered together in this paper. 
Teacher analytics 

While not a large or well-known research area, teacher analytics is theoretically 
distinct from all the other research areas so far mentioned. While the methods employed 
may be similar to those of other research areas, especially learning analytics, teacher 
analytics has a distinctly different goal (Mor et al., 2015). Data collected may use 
student achievement as a benchmark but focuses on capturing teacher actions. The goal 
of teacher analytics is to allow teachers to improve instruction before instruction is 
delivered, (Sergis & Sampson, 2017) often through the study of past iterations of the 
instruction. Synthesized data is seldom designed for student consumption and feedback. 
Instead, teacher analytics utilizes a framework of continuous teacher self-evaluation to 
improve their teaching methods, referred to in the literature as the process of teacher 
inquiry (Check & Schutt, 2012). The research area of teacher analytics is small and 
relatively new. There is no journal or society expressly focused on teacher analytics, but 
it does offer a unique perspective in the EDDA landscape. 
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Integrated analytics 
When reviewing the literature on EDDA, creating the four research areas 

mentioned above left a large group of literature unaccounted for. This literature 
included many areas that utilized digital technology, but only occasionally or 
incidentally used analytics as part of their research. Instead, the use of analytic methods 
was ancillary to the main research questions or goals of the study. One prominent 
example of this research area is Massive Open Online Courses (MOOCs). While 
research on MOOCs often utilizes analytics, and some research conducted by 
researchers in other research areas is often conducted  utilizing MOOCs (Wise et al., 
2017), the field in and of itself is concerned with improving the design and use of 
MOOCs, with analytics mainly considered an ancillary concern or available analysis  
tool. Research areas with similar paradigms are plentiful, including Computer-
Supported Collaborative Learning, Interactive Digital Storytelling, and eLearning (Row 
et al., 2019; Atwell, 2007). While analytics is not the focus of these research areas, they 
contain scholarly knowledge that may be critical in the development of mature EDDA 
research. To be inclusive of this research, we broadly defined a research area within 
EDDA called integrated analytics. This encompasses all research that, in an ancillary or 
embedded fashion, utilizes and interacts with EDDA. It is possible that it is within 
integrated analytics that the impact of other areas, such as learning analytics and 
educational data mining can be seen. 

Four philosophical divides 
Because of the continued growth of EDDA research, new trends and areas are 

regularly emerging. In order to offer a framework with more longevity than a simple 
definition of current research areas, below a philosophical framework that attempts to 
explain what it is that philosophically divides different research areas is set forth. After 
review of the EDDA literature in conjunction with key papers exploring the different 
philosophies of education research, it was determined that four main philosophical 
factors could be used to delineate EDDA research.  

This framework is designed to be more generally applicable to EDDA research, 
even beyond the five research areas defined above. This framework may be useful for 
researchers who are attempting to place their research within the EDDA landscape, 
critically evaluate the research of other scholars, or make comparisons between different 
EDDA research that uses different vocabulary and writing norms. 
Measures of Long-Term Success 

The first philosophical divide between EDDA research areas is different measure of 
long-term success In their review, Morel et al. (2019) found that in educational research 
in general, different researchers and stake-holders frequently use “scale” as a measure 
of success, but neglect to define the term. Morel et al. continued by defining four 
different definitions of scale: 

1. Adoption, a measure of how many people are using a certain educational tool. 
2. Replication, or how reliably an educational tool produces a desired outcome. 
3. Adaptation, or how easily a tool can be modified to meet local needs. 
4. Reinvention, or the use of a tool as a catalyst for further innovation. This 

measure of scale is most commonly used when considering near-ubiquitous 
tools. 
This implicit use of different definitions of scale seems to be occurring in EDDA 

research. In the context of EDDA research, adoption (definition 1) is considered a 
worthwhile goal (Baker, 2016; Shum et al., 2019). There is no evidence of discussion of 
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the use of EDDA tools as catalyst for reinvention (definition 4). This is consistent with 
Morel et al.’s observation that reinvention tends to be used only with more mature 
education tools. 

When measuring success, researchers most commonly differ on their 
consideration of replication and adaptation. For example, Wise and Vytasek’s (2018) 
paper on the implementation of learning analytics systems identifies three main 
principles for implementation: coordination between stakeholders, comparison against 
local benchmarks, and customization. This paradigms aligns with the idea of adaptation 
as a measure of success. Wise and Vytasek’s paper is indicative of the stance of learning 
analytics researchers, whose tools are often designed for specific contexts, not for large-
scale deployment (Elbadrawy et al., 2016; Macfadyden & Dawson, 2010). Teacher 
Analytics favors a similar philosophy of scale, desiring tools that allow teachers to 
decide what data is most important for their specific teaching context (Sergis & 
Simpson 2017).  

The focus of learning and teacher analytics on adaptation is in direct contrast to 
a focus on replication by both the intelligent tutoring and educational data mining 
research area. This allows for a distinction between educational data mining and 
learning analytics, which are often grouped together (Papamitsiou & Economides, 2014; 
Ihantola et al., 2015; Sin & Muthu, 2015 ). Where adaptation focuses on customizing 
tools for local contexts, using replication as a measure of long-term success focuses on 
tools giving students consistent results across contexts. This is most pronounced in 
intelligent tutoring systems, which attempt to create a single tool that can be applied 
across a broad array of contexts (Kulik & Fletcher, 2016). If a tool is successful, it 
should require little to no modification by researchers and developers. Educational data 
mining is not expressly focused on replication, but by nature of its focus on large scale 
data, inherently finds itself using methods that focus more on replication than 
customization. For example, Acharya and Sinha (2014) focused on using an algorithmic 
approach to large-scale student data to select variables of interest for predicting student 
grades. These algorithmic approaches are, inherently, blind, and besides the selection of 
the algorithm, researchers do not influence the selection of model features and 
equations.  

It is important to note that these two measures of success are not always in direct 
competition. For example, intelligent tutoring systems, while focusing on replicability 
across contexts, often achieve this replication by creating tools that customize 
themselves to individual student needs (Kulik & Fletcher, 2016). However, there are 
many cases where these two goals are directly competing with one another. Predictive 
tools like those often created in the learning analytics research area are tightly tuned to 
the specific context they are being applied in, and thus may not be statistically valid 
outside of that context (Gong et al., 2010; Dietterich, 1995). 

EDDA researchers should remember that there is one measure of long-term 
success that almost all stake-holders agree on: greater adoption. In order to reach this 
goal, researchers must balance concerns of both replication and adoption. There are 
many examples of this within the research area of integrated analytics. This balance is 
achieved both through a diversity of opinions as well as an internal balance within 
individual studies. MOOCs offer a prime example of this balance. Research into student 
performance in MOOCs often utilizes natural language processing techniques instead of 
manual coding, and thus creates statistical models that can be more easily adapted to 
other contexts (Kloft et al., 2014; Robinson et al., 2016). 
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Augment vs. automate 
Here, automation of learning is defined as any use of technology to perform a 

task that previously would have been performed by an instructor. The augmentation of 
learning is defined as any use of technology to increase the quality or quantity of 
learning taking place. Both goals attempt to solve different problems. Automation can 
increase the affordability of education (Scandura, 2010). Augmentation is not as 
expressly defined or explored in the literature but in the context of EDDA often aims at 
giving students better feedback and teachers greater insights (Gasevic et al., 2015; 
Check and Schutt, 2012). 

One of the reasons that augmentation may not be as expressly defined is because 
it represents the bulk of research in learning analytics, educational data mining, and 
teacher analytics as these fields all aim to enhance the understanding of student learning 
(and in the case of teacher analytics, teacher processes) in order to increase the quality 
of existing education (Gasevic et al., 2015; Ihantola et al., 2015; Mor et al., 2015). One 
reason more focus may be placed on augmentation is because the attempt to automate 
learning has often utilized a model often criticized by researchers. This model views 
learners as simple containers, and learning as chunks of information to be packaged and 
delivered to students (Velesianos & More, 2017). One of the leading critiques of the 
automation movement is that it has been led mainly by private companies with vested 
interests in selling software, (Veletsianos & Moe, 2017) with little involvement from 
researchers. Currently, the research area of intelligent tutoring is the only group 
performing research on automation (Niehaus et al., 2011; Aleven et al., 2010). Some 
individual studies do exist in various research areas that suggest or apply automation 
techniques in a pedagogical justified fashion (Baker, 2016). It has been suggested that 
researchers “explore how human and non-human teachers might work together,” (Bayne 
2015, p. 460) in such a way that the important aspects of the human instructor are not 
automated away. 
The study of learning vs. teaching 

Ertmer and Glazewski (2013) state that “[the question of studying learning vs 
teaching] determines where you place emphasis in your investigation and guides your 
research question, research design, data sources, analysis, procedures, and 
interpretations” (p. 61). This divide can be seen in EDDA research through the decision 
of what data source to use. The vast majority of EDDA research bends towards the 
study of learners. Learning analytics, educational data mining, and intelligent tutoring 
systems rely almost solely on student action and achievement data for analysis, and 
frequently focus on individual student success (Gasevic et al., 2015; Ihantola et al., 
2015; Mor et al., 2015; Baker et al., 2004). Teacher analytics lies in most direct contrast 
to this overwhelming focus on student data. While even teacher analytics frequently 
relies on student outcomes for success, this data is often aggregated and used as a proxy 
for teacher success (e.g. Hansen and Wasson, 2016). Other data sources, such as the 
corpus of teacher created content, are also often central to teacher analytics (Timperley 
et al., 2010).  Integrated research contains a variety of approaches, and often focuses 
more on teaching data than other research areas. For example, in determining how 
online classes impact undergraduate degree completion, Wavle and Ozogul (2019) used 
whether or not students had taken online courses during their freshman year (i.e. 
interfaced with a certain type of teaching) as the main factor of interest. Part of the lack 
of teaching focused research may be a function of the lack of teacher-level data sources. 
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As more large-scale data sources are opened for analysis, there may be greater 
opportunities for EDDA research to focus on teaching. 
Design vs. discovery of knowledge 

The idea of design vs. discovery stems from EDDA research’s close ties to 
statistics. One side of the argument asserts that: “social science research at its best is a 
creative process of insight and discovery taking place within a well-established 
structure” (Keohane 1996, p. 12, emphasis added). The discovery-based argument states 
that scientists should follow existing methods in an effort to uncover objective truths 
about the learning process. However, it is also well established in modern statistics that 
such perfect objectivity is not possible. In contrast to the discovery argument, the design 
argument asserts that “there is an apparent conflict in statistics between the need to be 
objective, and the need to… make progress… through following up subjective insight” 
(Blyth 1978, p. 20). Some argue that it is impossible to have a blind, objective 
mathematical model, and that research requires the consideration of the design of the 
model in use (Begoli & Horey, 2012).  

Researchers commonly discuss model selection as a design process (Liu 2017; 
D’mello et al., 2014; Dong, 2005), however, when explaining results, the goal of EDDA 
research is often to gain objective “insight into learning and vital educational practices” 
(Siemens 2012, p. 4). When dealing with simpler, more established modes of modeling 
(such as regression and basic natural language processing) there are best-practices for 
quantifying the error established with the claims being asserted, including familiar 
methods like p-values, and confidence intervals (Cobb, 1998). When dealing with 
complex machine learning models that are inherently non-probabilistic and often 
uninterpretable, validity of the research claim can often only be measured by how 
closely the model predicts the data (Japkowicx & Shah, 2015).  

When researchers use these methods, they must decide between making 
objective claims about the nature of a psychological phenomena or making a design-
based claim where claims about changes in some behavior are made, but claims about 
psychological phenomena are omitted. The research areas of intelligent tutoring 
(Chabay et al., 2020), integrated analytics— particularly those tied to instructional 
design (Park & Jo, 2019) and teacher analytics (Sergis & Sampson, 2017) tend to favor 
design-based claims. These researchers are more concerned with measuring outcomes 
than interpreting or discovering base psychological factors. This leaves the research 
areas of learning analytics and educational data mining to attempt to make discovery-
based claims (Gasevic et al., 2015). Educational data mining particularly faces the 
difficult tasks of attempting to make sense of big-data while retaining objective 
interpretability in their models. 
Conceptual Framework 

In order to simplify these four philosophical divides into a more concise form, 
the figure below frames the four philosophical divides as a conceptual framework of the 
EDDA research space. This conceptual framework groups the four philosophical 
debates into two general categories. The first is research-centric concerns (teaching vs. 
learning, design vs. discovery) and the second is philosophical divides based on design 
(automate vs. augment, replications vs. adaptation). 
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Figure I: Divides in research paradigms (left) and design paradigms (right) 
 

In each of these two visualizations, one of the four quadrants is empty, 
suggesting a gap in current research. Because teacher analytics adopts a reflective, more 
subjective approach to teacher improvement, (More et al. 2015) there is not a large body 
of EDDA research that utilizes digital data to uncover discovery-based, objective claims 
about teachers. Some integrated analytics research bleeds into this area, (e.g. Wavle & 
Ozogul, 2019) but there appears to be an opportunity for greater research in this area. 
Because the study of teaching and pedagogy tends to be discipline specific, (Abell 
2013; Tu 2003; Eisner & Day, 2004) there may not yet be a method in place for the 
sharing of information on EDDA research that deals with objective claims about 
teachers and teaching. 

Also noteworthy, though perhaps less explainable, is the gap in design 
paradigms. It may be that the goals of creating an automated system that is also 
adaptable to different contexts at scale is not feasible with current technology. It is also 
feasible that as intelligent tutoring research continues to expand, it will fill this gap. Roll 
and Wylie (2016) suggest that artificial intelligence may develop into a tool that can 
adapt to students everyday needs, becoming embedded in all processes of education, 
instead of being localized to certain learning contexts, like intelligent tutoring systems.  

Discussion 
Currently, learning analytics, educational data mining, and related fields, are 

often treated as separate and self-contained. However, when viewing each field as a 
member of a large EDDA community, we can begin to better understand the impact of 
research in these areas. For example, one of the earliest methods developed in learning 
analytics was the use of student grades and demographics at an administrative level to 
predict student collegiate success (Pistilli & Arnold, 2010). In this initial 2010 paper, 
Pistilli and Arnold report on how interventions based on predicting student success 
increase grades during the first several years of college. They included some basic 
percentages, but either lacked the sample size or statistical power to report findings of 
statistical significance. In a paper published a few years later (Arnold & Pistilli, 2012) 
the same intervention system is shown to significantly increase retention of students. 
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However, there are some issues with validity within the study— teachers at the 
universities chose whether or not to participate in the intervention, and it is reasonable 
to assume that those teachers who opted in to a time-intensive intervention may simply 
tend on average to be higher quality instructors. In short, it is difficult to evaluate the 
effectiveness of this learning analytics study when viewed in a vacuum. However, when 
viewed within the broader EDDA landscape, we see that this study has had significant 
impact on learning analytics and the use of administrative interventions. Google Scholar 
reports that Arnold and Pistilli (2012) has been cited more than 800 times as of June, 
2020, by empirical studies in as varied publications as varied as Computers & 
Education, (Asif et al., 2017; Cerezo et al., 2016),  Journal of Universal Computer 
Science, (Park & Jo, 2015) and The Journal of Interactive Media in Education (Rienties 
et al., 2016). 

In evaluating learning EDDA research, it is important to thoughtfully measure 
the impact that these studies have as they permeate into the large EDDA research 
landscape. The relatively recent release of the Handbook of learning analytics (2017) 
suggests a stable body of methods is being developed, and learning analytics is shifting 
towards a more practice-centered paradigm. This shift may lead to a more cohesive 
EDDA research area as the research- philosophical positioning (Figure 1) of learning 
analytics moves closer to integrated analytics research. Even if this shift does not 
happen, it is important to consider all EDDA research when evaluating the impact of 
learning analytics. Though vocabulary may continue to vary across related EDDA 
disciplines, the conceptual framework suggested above allows for critical comparisons 
and evaluations of EDDA research. 

Conclusion 
This paper introduced the idea of educational digital data analytics (EDDA) as a 

single research area with many different research areas, each with different 
philosophical viewpoints. It identified five major research areas emergent in the 
literature: learning analytics, teacher analytics, educational data mining, intelligent 
tutoring, and integrated analytics. A set of four different philosophical principles that 
divide these research areas was presented. Two of these divides were design oriented: 
measurements of long-term success, and automation vs. augmentation. Two of these 
divides were research oriented: the study of learning vs. teaching, and the design vs. 
discovery of knowledge. Using these philosophical divides to construct a conceptual 
framework of the EDDA research landscape. Two major gaps in the literature were 
identified, the first at the intersection of the study of teaching and the assertion of 
objective knowledge claims, and the second at the intersection of automating teaching 
and creating tools that can be adapted at scale. 
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