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PAPER

Where Is the Teacher in Data Analytics in Education? 
Evaluating the Maturity of Analytics Solutions 
and Frameworks Supporting Teachers

ABSTRACT
COVID-19 has changed the mindset of many teachers from traditional education to online 
education. The increased use of learning management systems is leveraging opportunities for 
increased use of learner data to draw insights about the learners and the learning environment. 
However, typically learners are the primary beneficiaries, while teachers are quite invisible 
in the research of data analytics in education, although both are equally important. Thus, this 
paper aims to position teachers in the spotlight by differentiating between these current two 
definitions of learning analytics (LA) and teaching analytics (TA) and evaluating the applica-
bility and maturity of existing analytics solutions to support teachers in making decisions on 
teaching and learning. A systematic literature review was conducted in relevant scientific 
fields. The results showed clear evidence to distinguish TA from LA and that there are only 
a few TA solutions and frameworks that can be applied widely or in reality. Evaluating TA 
solutions and frameworks needs to be attentively considered. This paper also contributes a 
comprehensive TA process framework that encapsulates the missing elements in the previous 
models and adds the recent highlights raised in the fields. The implications for research and 
practice are also discussed.
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1	 INTRODUCTION

During COVID-19, many teachers had to quickly transfer to online education [1]. 
This led to the growth of data creation by students and teachers on learning man-
agement systems, opening more chances for learning and teaching enhancement 
through data analytics. The tendency toward online or blended education and 
increased use of education technology systems in teaching and learning continues 
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after the pandemic, which increases the advantages of drawing implicit insights 
from data. This paper contributes to the theoretical perspective of supporting teach-
ers in making decisions on teaching and learning through data analytics by differen-
tiating between the current two popular terms in the fields: learning analytics (LA) 
and teaching analytics (TA), which is still a debate in the respective research fields. 
Concurrently, this paper also provides an evaluation of the applicability and maturity 
of the existing TA solutions and frameworks for supporting teachers and teaching.

LA emerged in tandem with the surge of data in education and with a focus 
on students and their learning experiences. This aligns well with the definition 
of LA by the Society for Learning Analytics Research “LA is the measurement, 
collection, analysis, and reporting of data about learners and their contexts for pur-
poses of understanding and optimizing learning and the environments in which it 
occurs” [2]. Accordingly, the questions related to teachers and teaching are not directly 
included or addressed in the definition. The discourse of data-informed decision- 
making to support the quality of learning and teaching through pedagogical 
innovations, timely feedback, or enhanced learning design (LD) can be found in 
contemporary LA research. However, the substantial focus of this discourse turns 
toward students and addresses the questions of students rather than the dilemmas 
that teachers encounter. The language used in the LA field does not speak directly 
to the concerns and issues that teachers grapple with [3]. The results supporting 
teachers and teaching are not emphasized clearly and explicitly enough in the LA 
papers. Therefore, we argue that a direct and explicit focus on teachers is also of 
equal demand. Based on this fact, TA emerged to stress the issues and questions of 
teachers and teaching directly. However, the conceptualization of TA is still in its 
infancy [4] compared to the maturity of the LA research.

[4] defined TA as “a reconceptualization of LA for teachers to improve teaching per-
formance and learning outcome.” According to [5], TA focuses on “the design, devel-
opment and evaluation of notations, representations, and visualizations of learning 
and teaching processes and products and the enculturation of a ‘professional vision’ 
for teachers to make the visual analytics notations, representations, and visualiza-
tions meaningful and actionable in pedagogical settings.” Based on the definitions of 
LA and TA, the two key actors—students and teachers—are clearly stated and sepa-
rated in each term. However, the related literature still describes the methodological 
approaches that have been implemented aiming at supporting teachers or improve-
ments for LD as the ultimate goals under LA (ex. [6]). As a result, the controversy is 
still ongoing, which is, on one hand, that TA is viewed as a sub-field of LA since they 
see TA from the aspect of LA in connection with the teacher inquiry process [7]; on 
the other hand, LA and TA are considered as two separate research fields [4, 5].

In contemporary literature, there are two ways to find TA papers. In some publi-
cations, the term TA is explicitly used as a keyword. In other relevant publications, 
TA is implicit in the discourse of LA to improve LD. Additionally, a major challenge 
for LA and TA is to realize the promise of developing actionable interventions based 
on analytical results to improve learning and teaching, which is often alluded to as 
closing the loop [8]. Nevertheless, the loop has rarely been closed since many studies 
were apt to stay in the early stages [7, 9], resulting in a shortage of practical and suc-
cessful evidence of TA and LA applications [8]. The first aim of this paper is to draw 
a clear line between the terms LA and TA and evaluate the maturity of TA solutions 
based on closing the loop, leading to the first research question:

RQ1: What are the differences between LA and TA? How mature are the TA 
solutions to be applied in practice?
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In line with the discourse in RQ1, we also investigate the maturity of the frame-
works for TA and LD supporting teachers (including teaching and environments) 
when designing courses integrated with data analytics due to the fact that it is still 
a question of how generalizable and applicable the frameworks work in authentic 
settings and in widespread practice [10]. Hence, the second purpose of this paper 
is to synthesize and evaluate the existing frameworks for TA and LD to provide a 
holistic perception of what the research community offers to support teachers with 
LD, leading to the second research question:

RQ2: How generalizable and applicable are the existing frameworks for TA and 
LD to come into use?

2	 RESEARCH METHOD

We conducted a systematic literature review (SLR) as a methodology in the 
databases, covering the relevant, well-known outlets for identifying the differ-
ences between LA and TA and the applicability of the existing frameworks for 
TA and LD.

2.1	 Article search strategy

[4] conducted an SLR to contextualize the notion of TA and develop various con-
cepts around TA. This study, however, has not investigated the maturity of the TA 
solutions and their relevance for enhancing teaching practices in general and LD in 
particular. Additionally, [9] did SLR research to evaluate the development status of LA 
software concerning LA-driven LD improvements in higher education by using the 
software development life cycle as a reference model. To move forward from these 
two papers which have been done in a similar topic or direction, we clarify the TA 
field in this paper by conducting an extensive SLR to distinguish TA from LA, delving 
into the analysis of the development process of TA solutions that the studies have 
gone through, and evaluating the applicability and maturity of existing TA solu-
tions to support teachers to enhance LD in various contexts (not limited to higher 
education), as well as the existing frameworks for TA and LD. This approach has not 
been used in previous literature. This review intends to offer various stakeholders, 
especially teachers, learning designers, and those working with LD, a landscape of 
TA-integrated LD, how applicable TA solutions are to improve LD and be applied in 
practice, and the perception of what has been explored, implemented, and validated 
in TA-integrated LD.

In the identification of relevant articles, the databases covering the publica-
tion venues in the subjects, including EBSCO, ACM, IEEE Explore, Science Direct, 
SpringerLink, Scopus, and the Journal of LA, were examined. The search queries 
primarily contained two key topics: “teaching analytics” and “learning design”. 
Due to the immaturity of the TA field, the term “learning analytics” was also searched 
together with “learning design” since this combination often leads to papers bene-
fiting teachers and teaching. Moreover, the other keyword “instructional design” 
was included since it was interchanged with “learning design” in some papers. 
The inclusion criteria and the details of the SLR are depicted in Table 1. To find the 
right and relevant articles, the search scope in the databases was selected within 
keywords, subjects, or abstracts, depending on the available option of the advanced 
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search function in each database. Two databases, SpringerLink and the Journal of 
LA, did not have the advanced search function, so the search scope could not be 
considered.

Table 1. Details of the systematic literature review

Databases Search Queries Inclusion Criteria Search Scope Results

EBSCO (“learning analytics” 
OR “teaching 
analytics”) AND 
(“learning design” OR 
“instructional design”)

Peer reviewed, 
articles or 
conference 
papers, in English, 
not duplicated, 
searched in 
keywords, between 
2010 to 2022

Subjects 81

ACM Digital Library Abstract 17

IEEE Explore Keywords 16

ScienceDirect Keywords 9

SpringerLink Not available 779

Scopus Keywords 163

Journal of Learning Analytics Not available 19

Total 1084

2.2	 Coding scheme and eligibility criteria

The selected corpus of articles was analyzed using the document analysis method. 
The coding scheme consisted of 19 aspects to record the relevant methodological and 
substantial features of the studies in table form. These aspects include stakeholders, 
theories, research questions, country, education level, subject, contribution/
outcomes, differences between TA and LA, dataset size, data, implementation, tech-
nique/algorithms, current issues in analytics and pedagogy, evidence of analytics in 
LD, reach intervention, implications, limitations, future work, and kind of artifact. 
However, only relevant aspects that helped answer the research questions were 
considered.

According to the search strategy described above, the total number of papers 
was 1084 from the databases with the inclusion criteria. These papers went through 
the PRISMA diagram to select the final set of papers. The first step was to remove 
duplications using the Rayyan website for all the databases except SpringerLink. 
149 duplicates were found. Regarding SpringerLink, this database did not support 
the function of filtering out incomplete papers such as lecture notes, in-progress 
work, workshop papers, and posters. Thus, the researcher examined the results 
from SpringerLink manually by skimming titles and abstracts to remove the 
incomplete papers. In the second step, the remaining results from SpringerLink 
and the other databases were combined and skimmed through titles and abstracts 
to eliminate papers irrelevant to teachers, LD, and LA or TA. In the third step, 
the 189 remaining articles were full-text read, coded, and analyzed. Among the 
189 articles, the researcher continued to exclude the irrelevant papers that were 
not found by skimming titles and abstracts. In the set of irrelevant papers, although 
the papers regarding learning spaces, teacher professional developments, or tool 
evaluation aimed at teachers, they were not counted due to beyond the research 
focus of this paper. Some papers explored teacher education, which was pertinent 
to LA, TA, and LD, yet the key target was students in teacher education, so these 
papers were disregarded. As a result, the articles using LA/TA to improve LD, imple-
menting teacher-facing dashboards or tools for teachers to create LDs, or developing 
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a framework of analytics and LD were taken into account. After all, 104 hits were 
relevant for the in-depth reading and analysis of the content. In the last step, the 
researcher included 21 papers with TA solutions which came to the stage of evalu-
ation or intervention and 11 papers with evaluated frameworks for LA/TA and LD 
to present in the result section since these papers help answer the RQs. To clarify 
why the researcher divided into two sets of final results for two RQs, for RQ1, the 
researcher considered the studies using TA methods to generate solutions for the 
identified problems, thereby measuring the maturity of TA solutions. RQ2 stressed 
the frameworks for TA/LA and LD; accordingly, it was not necessary to use TA meth-
ods to develop the frameworks, but the frameworks can be developed based on 
theories, previous literature, or qualitative methods. In spite of this reason, there 
were five common papers in both final sets of articles. As explained, for each RQ, 
the papers were analyzed following different aspects; thus, there was no conflict for 
these common papers. Figure 1 summarizes the bibliographic information for the 
selection process.

Fig. 1. PRISMA flow diagram of the screening and selection

2.3	 Selecting a reference model for data analysis

To choose a method for data analysis, the researcher looked into the set of 104 
relevant articles to explore a proper reference model as the baseline to measure the 
maturity and applicability of the TA solutions presented in the selected literature. 
The most common and specific methods that ten papers followed to develop an 
artifact or improve LD are design science research, design-based research, action 
research, or similar processes that were not explicitly named as the design cycle. 
The other methods are relatively generic and imply other various approaches 
included (more details in Table 2). Thus, we chose the design research cycle for 
the analysis of this SLR to investigate the differences between LA and TA based 
on this cycle and evaluate the applicability and maturity of TA solutions. For the 
papers that did not explicitly use the design cycle, we examined their studies based 
on the steps they had taken to discover how far their research had gone and how 
applicable the solutions were outside their own case studies. Some authors com-
bined several methods in their studies (e.g. [11, 12]), leading to a total of more than 
104 papers in Table 2.
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Table 2. Methods with a respective number of papers

Qualitative method 7 Mixed method 8 Design science research/ 
design-based research/ 
action research

10

Case study 8 Review and theory 12 Flipped classroom 1

Multiple steps 9 Experiment 2 Phenomenological approach 1

SLR 9 Multimodal LA 2 Multiple studies 1

Non-specific method 36 Multimethod study 1

To analyze the set of 21 papers for RQ1, we developed a taxonomy of elements 
following the design process (refer to Table 3). We did not apply this taxonomy to the 
set of 11 papers with frameworks for the RQ2 because we analyzed the frameworks 
in terms of applicability and generalizability. Regarding the taxonomy, one cycle 
means that authors systematically conceptualized, designed, developed, and evalu-
ated the solutions once. Two cycles represent the solutions that are evaluated once 
and revised, or that led to interventions for improving the learning-related func-
tionality that the articles address. The design research cycle, as a reference model, 
includes specific steps of awareness of problems, suggestion, development, evalua-
tion, and conclusion [13]. Due to the distinction of this design cycle, only the papers 
producing artifacts were appropriate and able to be measured based on this design 
process. TA solutions and frameworks are artifacts in this context and embodied 
in different ways, such as insights, principles, tools, or prototypes. The contempo-
rary research studies were analyzed to discover how many papers have reached the 
evaluation/intervention stage or how many cycles the papers went through, which 
shows the maturity of the models as described above.

The first element of the taxonomy is foundation, referring to whether a study is 
formed based on either theory, literature, or problems from authentic contexts, or 
even both. The second element, the design research cycle, signifies how many cycles 
of the design research cycle a study has gone through to evaluate the maturity of 
the development process of the study. The element of evaluation extent elucidates to 
what extent an artifact is tested and evaluated. The last element, applicability, alludes 
to the capacity that an artifact can be applied in reality, to a small or large extent.

Table 3. A taxonomy of elements following design research cycle

Low Medium-Low Medium High

Foundation Non foundation Problem or 
tendency with 
literature

Problem with potential 
solutions and strong 
literature/theory

Theory and 
empirical evidence

Design research  
cycle

1 incomplete cycle 1 complete cycle 2 cycles >2 cycles

Evaluation extent Test based on 
literatures or low-
fidelity prototypes

Partly test or 
ongoing test 
in reality

Test with one course or 
limited group in reality

Test with more 
than one course or 
in wide scope

Applicability Unsure 
applicability 
in authentic 
settings or do 
not know yet

Potential but 
uncertain or 
limited in reality

Considerable extent 
of applicability and 
readiness in reality 
with limitations or 
unexpected effects

Widely applied, 
high reliability, or 
high applicability 
with minor issues
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2.4	 An overview of the maturity of TA solutions

The set of 104 relevant articles has been read to capture an overview of the matu-
rity of TA solutions. Among them, two papers have come to the stage of understand-
ing the problem and context [14] or investigating design principles but have not 
reached the implementation stage [15]. Almost half of the review list––50 articles––
only reported the outcomes up to the level of interpreting analytics results aligning 
to context and LDs, or proposed an artifact, even a handcrafted artifact or an incom-
plete artifact. These papers did not discuss intervention or evaluation to measure the 
applicability of the findings. Thus, these research studies did not show evidence for 
a complete design cycle, resulting in unanswered questions about the applicability 
of the outcomes or the reproducibility of the methods in other learning settings than 
the example showcased in the respective study.

Additionally, 27 papers proposed changes for LDs after analyzing and interpreting 
the results while four papers proposed an artifact with the illustration of use cases 
to show how the artifacts work. These papers have not come to the evaluation stage 
of the artifacts in reality or the intervention to apply proposed changes. The paper 
of [16] also needed further clarification although the authors used the term “inter-
vention” in the paper. Referring to the design-based research approach that the 
authors used in the paper, the authors identified learning barriers and proposed 
revisions for the course design strategies in the stage of analysis and exploration. 
Next, the authors implemented the changes for the course design strategies, which 
were well-adopted in the stages of design and construction. However, the system 
construction and evaluation were in planning as future work. Thus, this paper was 
classified in the group that proposed changes. Another paper doing an SLR summa-
rized the current landscape of LA and LD [17]. Although this paper did not produce 
any artifacts, the authors suggested several important areas of investigation to move 
forward from the current state. Thus, this paper was put in the category of proposing 
changes and used as the ground for our study.

Interestingly, 21 papers have reached the stage of evaluation or intervention. 
These papers are presented in detail in the result section. Figure 2 provides a 
comprehensive insight into classifying these 104 articles.

Fig. 2. A chart of articles classified by the design research cycle
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2.5	 An overview of existing frameworks for TA/LA and LD

As described in Figure 1, there were 19 papers proposing frameworks or models 
of TA/LA-integrated LD for teachers. These frameworks are listed in Figure 3.

Fig. 3. Existing TA/LA and LD frameworks/models

Six papers proposed frameworks based on literature, which have not been 
evaluated. One paper evaluated their framework through the Loop tool, which was 
in progress [18]. [19] put forward a reference framework and used it as the analyti-
cal framework for the SLR of the same paper. The evaluation of this framework was 
not explicitly shown but implied potential. These eight frameworks have not been 
evaluated, so they were not analyzed. The remaining eleven frameworks have been 
evaluated either using use cases, literature, or real-world cases, which are presented 
in the result section.

3	 RESULTS

3.1	 RQ1: How mature are the TA solutions to be applied in practice?

The RQ1 has two parts. In this section, we respond to a part of the question 
about the maturity of TA solutions to be able to be applied in practice. 21 papers 
were found that have reached the stage of evaluation or intervention. The taxon-
omy details of these papers are summarized in Table 4. Among them, [20] brought 
up the analytical tool SNAPP which provides real-time visualizations of discussion 
activities. To examine the performance of this tool as reported in the literature, two 
more subsequent versions from these authors were found, which helped perceive 
the entire picture of the tool development process.

Among the articles in our corpus, three papers focus on designing learning 
objects or learning activities rather than the entire LD. Namely, [21] focused 
on the design of a writing activity with the support of an automated writing 
feedback tool; [22] worked on online asynchronous discussions with the sup-
port of Starburst; and [23] concentrated on revising content through the 
dashboard CoReaDa.

There is a sequence of papers that have connections in terms of the design 
process. The sequence starts with proposing design principles for edCrumble in [24], 
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followed by [25], and finally [26]. The papers were counted separately and presented 
in Table 4.

Table 4. Results of articles completing at least one design cycle

Foundation Design Process Evaluation Extent Effectiveness

Molina-Carmona et al. [27] Medium-Low High Medium Medium

Lockyer and Dawson [20] Medium-Low Not clear High Medium

Schmitz et al. [10] Medium High High High

Echeverria et al. [28] Medium Medium-Low Low Low

Blumenstein [29] Medium Medium-Low Low Low

Zotou et al. [12] Medium Medium-Low High Medium

Ahmad et al. [19] Medium Medium-Low Medium Medium-Low

Kaliisa and Dolonen [30] Medium High Medium Medium

Li et al. [31] Medium High Medium Medium

Eradze et al. [32] High Medium Medium Medium

de Menezes et al. [33] Medium-Low Medium Medium Medium

Kitto et al. [34] Medium Medium Medium Medium

Albó et al. [26] High Medium-Low Medium Medium

Hilliger et al. [35] Medium Medium High High

Albó and Hernández-Leo [24] Medium-Low Medium-Low Medium-Low Low

Albó et al. [25] Medium Medium-Low Medium Medium

Ortega-Arranz et al. [36] High Medium Medium-Low Medium-Low

Rodríguez‐Triana et al. [37] High High High High

Sadallah et al. [23] Medium-Low Medium-Low Medium Medium

Shibani et al. [21] Medium Medium-Low High Medium

Dietrich et al. [38] Medium Medium-Low High Medium-Low

According to Table 4, three of 21 studies showed the high applicability and reli-
ability of the outcomes, which were assessed based on their broad evaluations with 
various contexts, stakeholders, and their multi-iteration design processes. Among 
those three articles, [35] reported that the tool is being used by 20 Latin American 
universities to inform teachers about learning situations when redesigning course 
assessments and sequences. The other two still suggested future work to make the 
artifacts better at using TA to improve LD. Moreover, the SNAPP tool is also widely 
used as a reflective tool instead of for modification of the LD “on the fly” as the initial 
expectation [20]. The remaining papers need to make adjustments to enhance the 
alignment of TA and LD in their studies.

3.2	 RQ2: How generalizable and applicable are the existing frameworks 
for TA and LD to come into use?

Eleven evaluated frameworks are presented here to answer RQ2. One frame-
work was evaluated based on 13 selected studies from the SLR [29]. Three papers 
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demonstrated how to implement the frameworks through use cases [8, 39, 40]. 
One framework was offered based on the two-cycle design of an empirical study [6],  
another paper demonstrated three iterations to evaluate the frameworks [31], 
and five frameworks have been tested in reality from one course to multiple courses. 
Table 5 shows the details of the eleven frameworks evaluated in authentic settings 
or through use cases.

Table 5. The details of usability and applicability of the evaluated frameworks

Frameworks LD Subject Learning Mode Data Size

CLAD by Shibani et al. [21] Writing activity Various Blended, online 90 and 302 
university students

LDA for SPOL by Yan et al. [16] Self-pace Computer science Online University students

PBL-LA by Zotou et al. [12] Problem-based learning Various Classroom with 
e-learning environment

32 postgraduate students

Context-aware MMLA by 
Eradze et al. [32]

LD for secondary teaching Not specific Classroom 1200 secondary students

LD driven-data storytelling 
approach by Echeverria 
et al. [28]

Group work Database Classroom with 
e-learning environment

15 undergraduate students

OOPB by Li et al. [31] Not specific E-learning 
leadership

Blended 21 master students

Design framework for LA by 
Seufert et al. [40]

1.	Forum discussion
2.	Reflection
3.	The use of game elements
4.	With materials 

and problems

Not specific Online 1.	A group
2.	At individual level
3.	Community or 

individual learners
4.	Large number of learners

Multilevel framework for 
LA integrated LD by Law 
and Liang [8]

Task: observe the scenarios in 
the presented stimulus.

STEM Classroom with 
e-learning environment

Individual student 
in grade 8

Bi-directional LA-course design 
by Kaliisa et al. [39]

Online social interaction 
activities and contexts

Not specific Blended University learners

T-GLADE by Wiley et al. [6] Assessments: multiple choice 
items and open-response items

Global 
climate change

Classroom with 
e-learning environment

885 middle school students

LALGD model by 
Blumenstein [29]

Socio-communicative, 
cognitive/metacognitive, 
metacognitive/affective

Not specific Face-to-face, 
blended, online

Not empirical evaluation 
but based on 13 selected 
studies, in higher education

According to Table 5, the LALGD model [29] was validated using literature but not 
in an authentic setting, so it is unclear to indicate for which subject or data size this 
model is valid, rather than the contexts applying the LDs of socio-communicative, cog-
nitive/metacognitive, or metacognitive/affective. This model was created for higher 
education contexts; accordingly, the other educational contexts are not applicable. The 
frameworks described by [28, 39, 40] can be generalized to various LDs due to the pop-
ularity of these activities. However, the authors did not particularly describe how the 
activities should be designed and implemented. [40] put a heavier focus on LA design, 
while [39] demonstrated quite a general LD, and [28] emphasized the effects between 
explanatory and exploratory visualizations in the dashboard. The frameworks by 
[12, 16, 21] focused on specific kinds of LDs, which limits the generalizability of these 
frameworks. Context-aware MMLA [32] fits well in a physical setting rather than in 
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an online or blended context. The OOPB model [31] can be generalized since it can be 
applied to different educational levels, different modes, various subjects, and stresses 
on the activities that produce patterns. The authors of the OOPB model created four 
taxonomies of design patterns, including directed learning, explorative learning, pro-
ductive learning, and reflective learning; thereby, instructional designers or teachers 
can freely refer to according to their design plans. Additionally, it is uncertain if the 
frameworks described by [6, 8, 32] function in higher education as they have been 
evaluated in secondary and middle schools. Five frameworks [8, 12, 28, 31, 40] can 
handle small datasets with a small number of students (<50), while the rest manage 
large datasets or do not mention this information explicitly.

3.3	 TA or LA: which one supports teachers?

By synthesizing the knowledge captured from the SLR, we answer the remaining 
part of the RQ1 about the differences between LA and TA in sections 3.3 and 3.4. 
We start with the definitions of TA and LA introduced in the introduction, LA and 
TA are distinguished by two key actors: LA for learners and TA for teachers. We can 
examine two directions as follows.

In the first direction, the study of [21] used LA to build an automatic writing feed-
back tool tuned with pedagogical context to support personalized learning and to 
address students’ dilemma: “How can students improve their writing skills without 
teachers?” The authors closely aligned the purpose of this study with the LA defini-
tion of aiming for students and their learning and emphasized contextualizable LA 
design to produce meaningful support for students.

In the second direction, the study of [27] also utilized LA to analyze students’ data 
to support teachers in redesigning an instructional course and provide in-time assis-
tance, thereby addressing teachers’ question, which is “in which ways teachers can 
motivate students’ learning, especially low-performance students.” The other study 
by [41] used LA to analyze students’ communication and collaboration in order 
to help teachers reflect on their practices and LDs, thereby anticipating problems 
and making informed interventions. This study also answered teachers’ questions, 
which are “How can teachers actually design and evaluate their course design?” and 
“How can teachers provide in-time support to their students?”

Comparing these two directions, teachers’ questions are different from students’ 
questions although both types of studies used students’ data. The goals of these stud-
ies aimed at different actors and answered different questions. Accordingly, it is rec-
ognized that the second direction is incongruous with the LA definition but consistent 
with the TA definition. [28] revealed the differences between students’ and teach-
ers’ concerns and questions through student-facing dashboards and teacher-facing 
dashboards. LA dashboards allow students to evaluate some parts of their learning 
behaviors and may even assist them in better managing their study, while TA dash-
boards help teachers obtain a thorough grasp of their entire course or specific tasks, 
reflect on their teaching strategies, and identify students who need particular support. 
There are also disparities between learners’ and designers’ perspectives. Teachers or 
designers desire to communicate multiple insights or dimensions of data about stu-
dent experience to make better-informed decisions on (re)designing learning activ-
ities while students want to see what they are supposed to do, how they perform 
individually and in comparison to their classmates, when activities are happening, 
and if there are alternative ways to achieve the same goal [14]. Moreover, there is also 
the opinion that LA was never intended to exclude teachers, and it is obvious since 
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teachers and students always need to go hand in hand to improve both learning and 
teaching. One cannot support students without considering teachers and LD, and vice 
versa. However, what we argue here is that the LA definition focuses on students and 
learning and addresses students’ questions, while the TA definition actually answers 
teachers’ pedagogical questions and directly supports teachers. The ultimate result of 
both TA and LA benefits students in a direct way for LA and in an indirect way for 
TA through supporting teachers. Therefore, it is important to demystify that if a study 
aims to support teachers using data analytics, TA should be used, and if a study aims 
to support learners using data analytics, LA should be used. The differences between 
LA and TA are also divulged when we dig into the analysis of developing TA solutions 
based on the design research cycle in the next section.

3.4	 Differences between LA and TA – proposing a TA process framework

We continue to answer RQ1 about the differences between LA and TA by ana-
lyzing two more perspectives to distinguish LA and TA, which are recognized 
throughout the design research cycle.

The first aspect deals with the data. It is remarked that TA and LA both used stu-
dent data to reflect on and evaluate either LD or students’ learning or give feedback 
to teachers. Yet, this review explored further that TA uses not only student data but 
also the data of teachers using tools [25], LD data [42], physical traces of students or 
teachers [28], or qualitative data. TA can use LD data and teachers’ data to reflect on 
teaching practices or evaluate LD, learning activities, or learning objects, while LA 
cannot use LD data or the data of teachers using tools to assess students’ learning.

In the second aspect, if a design process just stops at the analysis and interpre-
tation stages, TA and LA look the same. Nevertheless, the difference lies in the later 
stages of the design process when analytical results are transferred to changes or 
interventions. Regarding TA, only teachers themselves can implement the changes 
in their LD to observe the impacts while students cannot implement changes in LD 
or teaching practices, except that students can give feedback on LD. Similarly to LA, 
students themselves can change their behaviors or learning ways to improve their 
learning, which teachers cannot do, except that teachers can provide motivation or 
support. The later stages of the design cycle clearly show the differences: TA gener-
ates impacts on LD, or teaching, and directly involves teachers, while LA produces 
impacts on learning and directly involves students. This argument is supported by 
the 21 papers reaching the later stages reported above.

There are also differences between the TA process and the LA process. Currently, 
there is no well-established or well-defined TA process. [11] named a teacher inquiry 
cycle including problems and questions, design intervention and evaluation, class-
room implementation, collected data and analysis, and reflection and changes. The 
first and last steps can go back and forth before starting a new cycle. Both teachers 
and students are engaged in the process. [41] described a teaching cycle as including 
design and planning, engaging with students, reflection, professional development, 
and then starting a new cycle. This cycle is valid for various levels of granularity, from 
learning activities to sessions, modules, or programs. [4] designed the teaching out-
come model (TOM) – a TA life cycle, comprising data collection, data analysis, data visu-
alization, and data action (course design and assessment). In this model, the teacher 
is the central actor. While both the teacher inquiry cycle and teaching cycle did not 
clearly show TA but demonstrated well the aspect of the teacher’s role, TOM reflected 
the components of the data analytics process but lacked the teachers’ practices. Thus, 
premised on these cycles and this SLR, we aggregated and supplemented to enhance 
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the TA process framework (Figure 4). Our TA process framework encapsulates the 
missing elements in the previous models described above by bringing the teacher 
role to the center of the didactics, teachers’ actions into the TA process, and adding 
up-to-date needs relating to TA as well as relevant stakeholders in tandem.

The starting point of this TA cycle is that teachers capture interests in learning and 
teaching based on their LD and available data concerning LD, characteristics of learn-
ers, situations of learners, environments of learning and teaching, as well as challenges 
that learners or teachers face. Continued is extracting and analyzing the respective 
log data of teachers, learners, or LD data following the interests. The data collection 
and analysis need to be performed in (near) real-time to provide continuous insights 
to teachers throughout the courses. In addition, the choice of appropriate algorithms, 
techniques, or methods conforming to the data is essentially taken into account. TA 
results are visualized and interpreted by connecting back to the LD and context to be 
able to perform meaningful and timely interventions. Based on the interpretation of TA 
results, teachers alone or together with researchers and analysts propose appropriate 
changes that can enhance the LD for enhanced learning. Depending on the kinds of 
changes that will be applied to a course, teachers, together with relevant stakehold-
ers such as a department, study administrators, learners, or institutions, will engage 
in planning and (re)designing the course. Stakeholders involved in this step need to 
consider learning objects in the LD in such a way that TA can be used to assess or 
validate the effectiveness of the learning objects. Additionally, the TA-integrated LD 
needs to be grounded in theory, as suggested in the previous literature. The next step 
is to implement the changes in authentic courses, followed by teachers’ as well as the 
relevant stakeholders’ reflections and evaluations on the changes. A new loop will be 
formed following teachers’ needs for improvement. In this cycle, teachers, analysts, and 
researchers can be either different people or one person if the person can play the roles 
and have the competencies of teachers, analysts, and researchers at the same time.

Fig. 4. TA process framework
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4	 DISCUSSION AND CONCLUSIONS

It is not uncommon to navigate students in the research of data analytics in educa-
tion, but it is quite vague to see teachers as a key actor and their role. Although teach-
ers still implicitly exist in this field, they should be emphasized and paid attention to 
as visibly and equally as students. Thus, we contribute this paper toward positioning 
teachers in this research field by presenting the results of an SLR aimed at demy-
stifying the differences between TA and LA and delineating the applicability and 
maturity of TA solutions for teachers to improve LD and of the existing frameworks 
of TA-integrated LD. We selected and analyzed 21 articles developing TA artifacts to 
reinforce and supplement the points distinguishing between TA and LA in relation 
to LD. The design research cycle was applied for the data analysis as a reference 
model to examine the maturity and applicability of TA artifacts. This SLR showed 
that most of the existing efforts in TA focus on the first steps of this cycle, namely, 
data gathering, analysis, and visualization of certain learning processes rather than 
intervention or evaluation, which were illuminated in [7, 9]. However, some studies 
reached the intervention and evaluation steps, and three artifacts demonstrated 
high effectiveness or wide applicability in practice.

To differentiate between LA and TA, this paper revealed the ways, including 
(1) premised on the design research cycle, (2) kinds of data, and (3) definition, 
central actor, and actor’s perspectives. According to the design research cycle, TA 
and LA are clearly distinguished in the later stages of the design process thanks to 
intervention while both TA and LA are quite similar in the early stages. Regarding 
the kinds of data, TA utilizes not only student data but also teacher data and data 
relating to teaching practices while LA works mostly with student data. Concerning 
the definitions, TA prioritizes teacher orientation whereas LA focuses primarily on 
learner orientation. The perspectives and questions of teachers and learners are 
different.

Moreover, this paper also synthesized and supplemented the elements to improve 
the TA process framework to be comprehensive and correlate with the recent 
highlights in the disciplines of TA and LD. Hopefully, this TA process framework 
combining teachers’ practices and TA as well as highlighting teachers’ roles can urge 
the studies using TA and aiming at teachers and LD to move forward closing the 
loop. Future suggestion is to evaluate the proposed TA process framework in real-
world cases.

4.1	 Implications for practice

Real-time feedback enhances the success of closing the loop [8]. Currently, a 
scarcity of real-time analysis hinders teachers from making quick decisions and 
accessing critical information. Based on the lessons learned from the case of the 
SNAPP tool [20] and the finding on the limited use of dashboards by teachers [30], 
to operate the real-time analysis and increase the possibility for adoption, this 
requires researchers’ attention and the cooperation of teachers in designing 
TA-integrated activities and using tools to make it happen. Teachers’ professional 
development in new pedagogies and data literacy should be prioritized to remove 
the barriers preventing teachers from using TA solutions and enable necessary 
intervention [43].
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4.2	 Implications for research

To develop TA solutions and frameworks, the design research cycle is a typical 
method that several papers have used compared to the other methods. The design 
research cycle is a rigorous process using theoretical knowledge and engineering 
design principles to construct socio-technical artifacts to solve identified problems. 
Evaluation is emphasized as crucial in this cycle [44]. Accordingly, the design research 
cycle is appropriate to use as not only an approach for developing artifacts but also a 
reference model to analyze the maturity of TA artifacts. The variety of artifact types 
and evaluation methods in this cycle facilitates the wide coverage of measuring the 
development and evaluation of TA solutions and frameworks.

There are existing frameworks combining TA and LD, as shown above. 
Nevertheless, the challenge is that many of them have not been evaluated; thus, 
the validity and reliability of these frameworks when applied in practice cannot 
be guaranteed. It is observed that most of the frameworks were implemented as 
tools. As a result, evaluating the frameworks connotes evaluating the respective 
tools; thereby, the evaluation of the frameworks is postponed until the technical 
implementation of the tools is accomplished [18]. Some of these frameworks were 
designed for specific learning activities such as writing or problem-based learn-
ing while others were tested in middle and secondary schools. This prevents these 
frameworks from being generalized; accordingly, these frameworks need to be eval-
uated in more contexts. Most of the existing frameworks support online learning 
or e-learning environments, which are comparatively popular in higher education. 
However, many courses in higher education have a small number of learners and, 
consequently, little data for building TA solutions. This is not supported or taken into 
account by most of the current frameworks. Conversely, there are potential frame-
works that can be considered in the aspect of generalizability such as the OOPB 
model, bi-directional LA-course design, design framework for LA, or LD-driven 
data storytelling approach, yet they need more examination. Due to the limited con-
texts of evaluation, the maturity of these frameworks is not high for ubiquitous 
application. Consequently, there is an urgent need to explore the flexibility of LD 
for supporting diverse learners and teachers [17]. We also agree with [8, 10] that 
these frameworks are relatively complex and would not be ready to be adopted 
by practitioners. Hence, future work should consider the optimization of poten-
tial frameworks toward simplicity, generalizability, and applicability to support 
teachers, especially non-technical teachers.

5	 REFERENCES

	 [1]	 S. Mehtälä, M. Salo, A. Rinne, T. Koskelainen, and H. Pirkkalainen, “Schoolteachers’ expe-
riences of the challenges associated with information technology use in traditional and 
online education,” in 14th Scandinavian Conference on Information Systems, 2023, vol. 11. 
https://aisel.aisnet.org/scis2023/11

	 [2]	 SoLAR, “What is learning analytics?” Society for Learning Analytics Research (SoLAR). 
https://www.solaresearch.org/about/what-is-learning-analytics/ (Accessed: 10/07, 2022).

	 [3]	 N. Law, L. Li, L. F. Herrera, A. Chan, and T.-C. Pong, “A pattern language based learn-
ing design studio for an analytics informed inter-professional design community,” 
Interaction Design and Architecture(s), no. 33, pp. 92–112, 2017. https://doi.org/ 
10.55612/s-5002-033-005

https://online-journals.org/index.php/i-jet
https://aisel.aisnet.org/scis2023/11
https://www.solaresearch.org/about/what-is-learning-analytics/
https://doi.org/10.55612/s-5002-033-005
https://doi.org/10.55612/s-5002-033-005


	 34	 International Journal of Emerging Technologies in Learning (iJET)	 iJET | Vol. 19 No. 6 (2024)

Nguyen and Karunaratne

	 [4]	 I. G. Ndukwe and B. K. Daniel, “Teaching analytics, value and tools for teacher data literacy: 
A systematic and tripartite approach,” International Journal of Educational Technology in 
Higher Education, vol. 17, no. 22, 2020. https://doi.org/10.1186/s41239-020-00201-6

	 [5]	 R. K. Vatrapu, “Towards semiology of teaching analytics,” in Workshop Towards Theory 
and Practice of Teaching Analytics, at the European Conference on Technology Enhanced 
Learning, TAPTA, 2012, vol. 12.

	 [6]	 K. J. Wiley, Y. Dimitriadis, A. Bradford, and M. C. Linn, “From theory to action: Developing 
and evaluating learning analytics for learning design,” in Proceedings of the Tenth 
International Conference on Learning Analytics & Knowledge, 2020, pp. 569–578. https://
doi.org/10.1145/3375462.3375540

	 [7]	 L. P. Prieto, K. Sharma, P. Dillenbourg, and M. Jesús, “Teaching analytics: Towards auto-
matic extraction of orchestration graphs using wearable sensors,” in Proceedings of the 
Sixth International Conference on Learning Analytics & Knowledge, 2016, pp. 148–157. 
https://doi.org/10.1145/2883851.2883927

	 [8]	 N. Law and L. Liang, “A multilevel framework and method for learning analytics 
integrated learning design,” Journal of Learning Analytics, vol. 7, no. 3, pp. 98–117, 2020. 
https://doi.org/10.18608/jla.2020.73.8

	 [9]	 E. Drugova, I. Zhuravleva, U. Zakharova, and A. Latipov, “Learning analytics driven 
improvements in learning design in higher education: A systematic literature review,” 
Journal of Computer Assisted Learning, vol. 40, no. 2, pp. 510–524, 2023. https://doi.
org/10.1111/jcal.12894

	[10]	 M. Schmitz, M. Scheffel, R. Bemelmans, and H. Drachsler, “FoLA 2—A method for 
co-creating learning analytics-supported learning design,” Journal of Learning Analytics, 
vol. 9, no. 2, pp. 265–281, 2022.

	[11]	 I. Amarasinghe, K. Michos, F. Crespi, and D. Hernández‐Leo, “Learning analytics sup-
port to teachers’ design and orchestrating tasks,” Journal of Computer Assisted Learning, 
pp. 1–16, 2022. https://doi.org/10.1111/jcal.12711

	[12]	 M. Zotou, E. Tambouris, and K. Tarabanis, “Data-driven problem-based learning: 
Enhancing problem-based learning with learning analytics,” Educational Technology 
Research and Development, vol. 68, pp. 3393–3424, 2020. https://doi.org/10.1007/
s11423-020-09828-8

	[13]	 B. Kuechler and V. Vaishnavi, “On theory development in design science research: 
Anatomy of a research project,” European Journal of Information Systems, vol. 17, no. 5, 
pp. 489–504, 2008. https://doi.org/10.1057/ejis.2008.40

	[14]	 M. Schmitz, M. Scheffel, E. van Limbeek, R. Bemelmans, and H. Drachsler, “‘Make it 
personal!’-Gathering input from stakeholders for a learning analytics-supported learn-
ing design tool,” in Lifelong Technology-Enhanced Learning, EC-TEL 2018, in Lecture 
Notes in Computer Science, V. Pammer-Schindler, M. Pérez-Sanagustín, H. Drachsler, 
R. Elferink, and M. Scheffel, Eds., Springer, Cham, vol. 11082, 2018, pp. 297–310. https://
doi.org/10.1007/978-3-319-98572-5_23

	[15]	 A. J. Edson and E. D. Phillips, “Connecting a teacher dashboard to a student digital 
collaborative environment: Supporting teacher enactment of problem-based mathemat-
ics curriculum,” ZDM–Mathematics Education, vol. 53, pp. 1285–1298, 2021. https://doi.
org/10.1007/s11858-021-01310-w

	[16]	 H. Yan, F. Lin, and Kinshuk, “Including learning analytics in the loop of self-paced online 
course learning design,” International Journal of Artificial Intelligence in Education, vol. 31, 
pp. 878–895, 2021. https://doi.org/10.1007/s40593-020-00225-z

	[17]	 L. P. Macfadyen, L. Lockyer, and B. Rienties, “Learning design and learning analytics: 
Snapshot 2020,” Journal of Learning Analytics, vol. 7, no. 3, pp. 6–12, 2020. https://doi.
org/10.18608/jla.2020.73.2

https://online-journals.org/index.php/i-jet
https://doi.org/10.1186/s41239-020-00201-6
https://doi.org/10.1145/3375462.3375540
https://doi.org/10.1145/3375462.3375540
https://doi.org/10.1145/2883851.2883927
https://doi.org/10.18608/jla.2020.73.8
https://doi.org/10.1111/jcal.12894
https://doi.org/10.1111/jcal.12894
https://doi.org/10.1111/jcal.12711
https://doi.org/10.1007/s11423-020-09828-8
https://doi.org/10.1007/s11423-020-09828-8
https://doi.org/10.1057/ejis.2008.40
https://doi.org/10.1007/978-3-319-98572-5_23
https://doi.org/10.1007/978-3-319-98572-5_23
https://doi.org/10.1007/s11858-021-01310-w
https://doi.org/10.1007/s11858-021-01310-w
https://doi.org/10.1007/s40593-020-00225-z
https://doi.org/10.18608/jla.2020.73.2
https://doi.org/10.18608/jla.2020.73.2


iJET | Vol. 19 No. 6 (2024)	 International Journal of Emerging Technologies in Learning (iJET)	 35

Where Is the Teacher in Data Analytics in Education? Evaluating the Maturity of Analytics Solutions and Frameworks Supporting Teachers

	[18]	 A. Bakharia et al., “A conceptual framework linking learning design with learning 
analytics,” in Proceedings of the Sixth International Conference on Learning Analytics & 
Knowledge, 2016, pp. 329–338. https://doi.org/10.1145/2883851.2883944

	[19]	 A. Ahmad et al., “Connecting the dots–A literature review on learning analytics indica-
tors from a learning design perspective,” Journal of Computer Assisted Learning, 2022. 
https://doi.org/10.1111/jcal.12716

	[20]	 L. Lockyer and S. Dawson, “Learning designs and learning analytics,” in Proceedings of 
the 1st International Conference on Learning Analytics and Knowledge, 2011, pp. 153–156. 
https://doi.org/10.1145/2090116.2090140

	[21]	 A. Shibani, S. Knight, and S. B. Shum, “Contextualizable learning analytics design: 
A generic model and writing analytics evaluations,” in Proceedings of the 9th 
International Conference on Learning Analytics & Knowledge, 2019, pp. 210–219. https://
doi.org/10.1145/3303772.3303785

	[22]	 F. Marbouti and A. F. Wise, “Starburst: A new graphical interface to support purposeful 
attention to others’ posts in online discussions,” Educational Technology Research and 
Development, vol. 64, pp. 87–113, 2016. https://doi.org/10.1007/s11423-015-9400-y

	[23]	 M. Sadallah, B. Encelle, A.-E. Maredj, and Y. Prié, “Towards fine-grained reading 
dashboards for online course revision,” Educational Technology Research and 
Development, vol. 68, pp. 3165–3186, 2020. https://doi.org/10.1007/s11423-020-09814-0

	[24]	 L. Albó and D. Hernández-Leo, “Identifying design lrinciples for learning design 
tools: The case of edCrumble,” in Lifelong Technology-Enhanced Learning: 13th  
European Conference on Technology Enhanced Learning, EC-TEL 2018, Leeds, UK, 
September 3–5, 2018, Proceedings 13, Springer, 2018, pp. 406–411. https://doi.org/ 
10.1007/978-3-319-98572-5_31

	[25]	 L. Albó, J. Barria-Pineda, P. Brusilovsky, and D. Hernández-Leo, “Concept-level design 
analytics for blended courses,” in Lifelong Technology-Enhanced Learning, EC-TEL 2018, 
in Lecture Notes in Computer Science, V. Pammer-Schindler, M. Pérez-Sanagustín, 
H. Drachsler, R. Elferink, and M. Scheffel, Eds., Springer, Cham, vol. 11082, 2018, 
pp. 541–554. https://doi.org/10.1007/978-3-030-29736-7_40

	[26]	 L. Albó, J. Barria-Pineda, P. Brusilovsky, and D. Hernández-Leo, “Knowledge-based 
design analytics for authoring courses with smart learning content,” International Journal 
of Artificial Intelligence in Education, vol. 32, pp. 4–27, 2022. https://doi.org/10.1007/
s40593-021-00253-3

	[27]	 R. Molina-Carmona, C. Villagrá-Arnedo, F. Gallego-Durán, and F. Llorens-Largo,  
“Analytics-driven redesign of an instructional course,” in Proceedings of the 5th 
International Conference on Technological Ecosystems for Enhancing Multiculturality, 
2017, pp. 1–7. https://doi.org/10.1145/3144826.3145391

	[28]	 V. Echeverria, R. Martinez-Maldonado, S. B. Shum, K. Chiluiza, R. Granda, and C. Conati, 
“Exploratory versus explanatory visual learning analytics: Driving teachers’ atten-
tion through educational data storytelling,” Journal of Learning Analytics, vol. 5, no. 3, 
pp. 73–97, 2018. https://doi.org/10.18608/jla.2018.53.6

	[29]	 M. Blumenstein, “Synergies of learning analytics and learning design: A systematic 
review of student outcomes,” Journal of Learning Analytics, vol. 7, no. 3, pp. 13–32, 2020. 
https://doi.org/10.18608/jla.2020.73.3

	[30]	 R. Kaliisa and J. A. Dolonen, “CADA: A teacher-facing learning analytics dashboard to 
foster teachers’ awareness of students’ participation and discourse patterns in online 
discussions,” Technology, Knowledge and Learning, vol. 28, pp. 937–958, 2023. https://doi.
org/10.1007/s10758-022-09598-7

	[31]	 L. Li, L. Farias Herrera, L. Liang, and N. Law, “An outcome-oriented pattern-based model 
to support teaching as a design science,” Instructional Science, vol. 50, pp. 111–142, 2022. 
https://doi.org/10.1007/s11251-021-09563-4

https://online-journals.org/index.php/i-jet
https://doi.org/10.1145/2883851.2883944
https://doi.org/10.1111/jcal.12716
https://doi.org/10.1145/2090116.2090140
https://doi.org/10.1145/3303772.3303785
https://doi.org/10.1145/3303772.3303785
https://doi.org/10.1007/s11423-015-9400-y
https://doi.org/10.1007/s11423-020-09814-0
https://doi.org/10.1007/978-3-319-98572-5_31
https://doi.org/10.1007/978-3-319-98572-5_31
https://doi.org/10.1007/978-3-030-29736-7_40
https://doi.org/10.1007/s40593-021-00253-3
https://doi.org/10.1007/s40593-021-00253-3
https://doi.org/10.1145/3144826.3145391
https://doi.org/10.18608/jla.2018.53.6
https://doi.org/10.18608/jla.2020.73.3
https://doi.org/10.1007/s10758-022-09598-7
https://doi.org/10.1007/s10758-022-09598-7
https://doi.org/10.1007/s11251-021-09563-4


	 36	 International Journal of Emerging Technologies in Learning (iJET)	 iJET | Vol. 19 No. 6 (2024)

Nguyen and Karunaratne

	[32]	 M. Eradze, M. Rodríguez-Triana, N. Milikic, M. Laanpere, and K. Tammets, “Contextualising 
learning analytics with classroom observations: A case study,” Interaction Design & 
Architecture (ID&A), no. 44, pp. 71–95, 2020. https://doi.org/10.55612/s-5002-044-004

	[33]	 D. A. T. de Menezes, D. L. Florêncio, R. E. D. Silva, I. D. Nunes, U. Schiel, and M. S. de 
Aquino, “DaVid—a model of data visualization for the instructional design,” in 2017 
IEEE 17th International Conference on Advanced Learning Technologies (ICALT), Timisoara, 
Romania, 2017, pp. 281–285. https://doi.org/10.1109/ICALT.2017.97

	[34]	 K. Kitto, M. Lupton, K. Davis, and Z. Waters, “Incorporating student-facing learning ana-
lytics into pedagogical practice,” in ASCILITE 2016, Conference Proceedings Show Me The 
Learning, S. Barker, S. Dawson, A. Pardo, and C. Colvin, Eds., Adelaide, 2016, pp. 338–347. 
https://doi.org/10.14742/apubs.2016.810

	[35]	 I. Hilliger, C. Aguirre, C. Miranda, S. Celis, and M. Pérez-Sanagustín, “Lessons learned 
from designing a curriculum analytics tool for improving student learning and program 
quality,” Journal of Computing in Higher Education, vol. 34, pp. 633–657, 2022. https://doi.
org/10.1007/s12528-022-09315-4

	[36]	 A. Ortega-Arranz, P. Topali, J. I. Asensio-Pérez, S. L. Villagrá-Sobrino, A. Martínez-Monés, 
and Y. Dimitriadis, “e-FeeD4Mi: Automating tailored LA-informed feedback in virtual 
learning environments,” in Educating for a New Future: Making Sense of Technology-
Enhanced Learning Adoption (EC-TEL 2022), in Lecture Notes in Computer Science, 
I. Hilliger, P. J. Muñoz-Merino, T. De Laet, A. Ortega-Arranz, and T. Farrell, Eds., Springer, 
Cham, vol. 13450, 2022, pp. 477–484. https://doi.org/10.1007/978-3-031-16290-9_39

	[37]	 M. J. Rodríguez‐Triana, A. Martínez‐Monés, J. I. Asensio‐Pérez, and Y. Dimitriadis, 
“Scripting and monitoring meet each other: Aligning learning analytics and learning 
design to support teachers in orchestrating CSCL situations,” British Journal of Educational 
Technology, vol. 46, no. 2, pp. 330–343, 2015. https://doi.org/10.1111/bjet.12198

	[38]	 J. Dietrich, F. Greiner, D. Weber-Liel, B. Berweger, N. Kämpfe, and B. Kracke, “Does an 
individualized learning design improve university student online learning? A random-
ized field experiment,” Computers in Human Behavior, vol. 122, p. 106819, 2021. https://
doi.org/10.1016/j.chb.2021.106819

	[39]	 R. Kaliisa, A. I. Mørch, and A. Kluge, “‘My point of departure for analytics is extreme 
skepticism’: Implications derived from an investigation of university teachers’ learn-
ing analytics perspectives and design practices,” Technology, Knowledge and Learning, 
vol. 27, pp. 505–527, 2022. https://doi.org/10.1007/s10758-020-09488-w

	[40]	 S. Seufert, C. Meier, M. Soellner, and R. Rietsche, “A pedagogical perspective on 
big data and learning analytics: A conceptual model for digital learning support,” 
Technology, Knowledge and Learning, vol. 24, pp. 599–619, 2019. https://doi.org/10.1007/
s10758-019-09399-5

	[41]	 Q. Nguyen, B. Rienties, and L. Toetenel, “Unravelling the dynamics of instructional 
practice: A longitudinal study on learning design and VLE activities,” in Presented at 
the Proceedings of the Seventh International Learning Analytics & Knowledge Conference 
(LAK ’17), 2017, pp. 168–177. https://doi.org/10.1145/3027385.3027409

	[42]	 G. Pishtari, M. J. Rodríguez‐Triana, L. P. Prieto, A. Ruiz‐Calleja, and T. Väljataga, “What 
kind of learning designs do practitioners create for mobile learning? Lessons learnt 
from two in‐the‐wild case studies,” Journal of Computer Assisted Learning, pp. 1–17, 2022. 
https://doi.org/10.1111/jcal.12672

	[43]	 Y. Wen and Y. Song, “Learning analytics for collaborative language learning in class-
rooms,” Educational Technology & Society, vol. 24, no. 1, pp. 1–15, 2021. https://www.jstor.
org/stable/26977853

https://online-journals.org/index.php/i-jet
https://doi.org/10.55612/s-5002-044-004
https://doi.org/10.1109/ICALT.2017.97
https://doi.org/10.14742/apubs.2016.810
https://doi.org/10.1007/s12528-022-09315-4
https://doi.org/10.1007/s12528-022-09315-4
https://doi.org/10.1007/978-3-031-16290-9_39
https://doi.org/10.1111/bjet.12198
https://doi.org/10.1016/j.chb.2021.106819
https://doi.org/10.1016/j.chb.2021.106819
https://doi.org/10.1007/s10758-020-09488-w
https://doi.org/10.1007/s10758-019-09399-5
https://doi.org/10.1007/s10758-019-09399-5
https://doi.org/10.1145/3027385.3027409
https://doi.org/10.1111/jcal.12672
https://www.jstor.org/stable/26977853
https://www.jstor.org/stable/26977853


iJET | Vol. 19 No. 6 (2024)	 International Journal of Emerging Technologies in Learning (iJET)	 37

Where Is the Teacher in Data Analytics in Education? Evaluating the Maturity of Analytics Solutions and Frameworks Supporting Teachers

	[44]	 K. Peffers, M. Rothenberger, T. Tuunanen, and R. Vaezi, “Design science research evalu-
ation,” in Design Science Research in Information Systems. Advances in Theory and Practice 
(DESRIST 2012), in Lecture Notes in Computer Science, K. Peffers, M. Rothenberger, and 
B. Kuechler, Eds., Springer, Berlin, Heidelberg, vol. 7286, 2012, pp. 398–410. https://doi.
org/10.1007/978-3-642-29863-9_29

6	 AUTHORS

Ngoc Buu Cat Nguyen is a PhD candidate in Informatics, University West, 
Sweden (E-mail: ngoc.buu-cat-nguyen@hv.se).

Thashmee Karunaratne is an associate professor in Digital Learning, KTH,  
Sweden.

https://online-journals.org/index.php/i-jet
https://doi.org/10.1007/978-3-642-29863-9_29
https://doi.org/10.1007/978-3-642-29863-9_29
mailto:ngoc.buu-cat-nguyen@hv.se

