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ABSTRACT

Learning analytics (LA)is an important area of study in technology-enhanced learning that has
emerged during the last decade. In earlier years, several systematic reviews have been con-
ducted that focused on the theories behind LA or on empirical studies that utilized LA-based
methods to improve learning and teaching processes in higher education. However, to date,
there has been no systematic review of papers that have adopted a software perspective to
report on the many forms of learning analytics software (LAS) that have been developed,
despite these being used more frequently than before in higher education to support learning
and teaching processes. To fill this gap, this paper presents a systematic review of LAS with the
aim of critically scrutinizing the ways in which the use of interactive software in real-world
settings may both support students in improving their academic performance and assist
teachers in various pedagogical practices. A thematic analysis of 75 articles was conducted,
resulting in the identification of three categories of LAS: at-risk student identification (ARSI)
software; self-regulation software; and collaborative learning software. For each of these cat-
egories, we analyzed (i) the embedded functionality; (ii) the stakeholder (teacher and stu-
dent) for which the functionality is intended; (iii) the analytical and visualization approaches
implemented; and (iv) the limitations of the software that require future attention. Based
on the findings of our review, we propose future directions for the development of learning
analytics software.

KEYWORDS
learning analytics (LA), learning analytics software (LAS), systematic review, identification
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1  INTRODUCTION

Learning analytics (LA) is a thriving domain within the field of technology-
enhanced learning due to its potential to enhance both learning and teaching
methods. Several systematic reviews [1-6] have been conducted that focus on
the implementation of LA methods to improve learning and teaching processes.
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One salient implication is the development of learning analytics software (LAS),
which is a software, tool, or dashboard that processes students’ data using dif-
ferent approaches such as machine learning (ML), data mining, and analytics to
improve the learning and teaching experiences and provide students and teach-
ers with a snapshot of how they are progressing in their courses. In recent years,
interest in LAS development has remained high, and higher education institutions
serve as an ideal context for LAS due to the complexity of learning environments,
resource optimization needs, the drive for continuous improvement, and com-
pliance and accountability requirements [7]. Moreover, LAS in higher education
empowers educators, administrators, and institutions with data-driven insights
to support student success, enhance teaching and learning strategies, and make
informed decisions. By leveraging the power of data, higher education institutions
can improve student outcomes and foster a more personalized and effective learn-
ing environment.

The growth in the use of LAS in higher education has both provided an oppor-
tunity for studied and institutions to capture the digital footprints of students from
learning management systems (LMSs) and enabled the identification of patterns
within data to predict future events and make informed recommendations that
can improve decision-making and learning outcomes [8]. Some types of LAS aim to
trigger early performance alerts for at-risk students, whereas others aim to act as
metacognitive tools that can make students aware of their learning performance
and support self-reflection, and still others aim to leverage student interactions in
a collaborative work setting. Previously, educational data mining (EDM) and artifi-
cial intelligence in education (AIED) were used to develop such software, although
in recent times LA has become as prevalent as EDM and AIED. More than half of
the existing LAS is used in higher education to scaffold students and assist teach-
ers in offering adaptive or personalized guidance based on insights from LA [9].
These systems are expected to provide institutions with opportunities to boost
student retention rates, support student progress, and, most importantly, provide
personalized learning on a large scale in the near future. The developers of LAS
are therefore particularly interested in understanding and optimizing learning and
teaching processes by focusing on indicators of knowledge construction, creativ-
ity, self-directed learning, and self-regulation, in addition to monitoring academic
progress [10, 11].

Recently, some studies [9, 12, 13] investigated the available forms of LA-based
software, although the authors conducted only a superficial analysis of the theo-
retical view, design, and impact of such software. Despite continuous progress in
LA study leading to the development of multiple LAS with various purposes, the
existing literature lacks a comprehensive analysis of these LAS in which there is a
focus on the implemented functionalities, the analytical approaches employed, and
the limitations of these approaches. Our systematic review of real-world implemen-
tations of LAS aimed to both explore the techniques of LA used for data collection,
analysis, and visualization and discover possible aspects that are not covered by
existing software. Compared to other studies, the significance of the present work
lies in the fact that the software reviewed here was implemented and evaluated in
real educational environments, which constituted a criterion for the inclusion of
the articles.

In this systematic review paper, we analyze several types of LAS that were
developed to support both students and teachers and published in academic study
repositories (ARRs). However, there may be many successful forms of LAS out there
that are not mentioned in ARRs. Hence, the focus of this paper was on reviewing
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study-evaluated software that also reflects the different practices used by contempo-
rary LA practitioners. The following three study questions (RQs) guided our review
of learning analytics software:

RQ1: What types of LAS have been developed, and for what purposes?

RQ2: What functions are embedded in existing LAS?

RQ3: What analytics approaches are employed in LAS, and what are their
limitations?

2  RELATED WORK

This section summarizes the findings of systematic reviews in which LA-based
tools and applications were used to assist students and teachers in higher edu-
cational environments. Recently, several systematic reviews [1-6, 14] were pub-
lished on LA in higher education. The purpose of these reviews was to examine
the data presentation, the LA approaches used, the LA factors operationalized, the
impact of learning interventions, and the data-driven learning design decisions
made to improve student retention rates, learning outcomes, students’ study suc-
cess, and the learning process. Viberg et al. [6] also investigated the effectiveness
of LA interventions for student underperformance and highlighted the limita-
tions found based on the available evidence relating to LA interventions. These
systematic reviews provided a broad view of current scientific knowledge about
LA approaches; however, these approaches were not implemented in the form of
software or tools.

Romero and Ventura [13] reviewed LA and educational software based on EDM
techniques for three different modes of learning: traditional, computer-based, and
blended learning. The purposes of their review were to both classify existing soft-
ware into these three different modes and provide a short description of the datasets
and LA approaches used in each mode. Matcha et al. [9] and Pérez-Alvarez et al. [12]
conducted a systematic review of self-regulated learning (SRL) software and tools in
which LA approaches were implemented using student data. Their work had a spe-
cific focus on SRL tools and software and, in particular, on different dimensions such
as theory, design, feedback, impact, and quality. The most significant limitations of
all these studies are a lack of exploration of the analytical approaches used for data
analysis and the fact that none focused on the evaluation of software used in real-
world settings.

Although the increasing amount of study on LA has led to the emergence of mul-
tiple types of LAS, to the best of our knowledge, there are no general and compre-
hensive reviews of LAS that have outlined the purposes and aims of the software
applications used in university practices, the specific functions implemented, the
analytical approaches employed, and their limitations.

3 METHODOLOGY

The primary focus of our systematic review was of explorations of LAS that
had been published at the time our search was carried out (20 October 2021). The
definition of LAS is a software, tool, or dashboard that processes students’ data
using different approaches such as ML, data mining, and analytics to improve
the learning and teaching experiences and provide students and teachers with a
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snapshot of how they are progressing in their courses. The guidelines proposed by
Kitchenham and Brereton [15] were followed, and the procedure used to conduct
this systematic review is illustrated in Figure 1. It consisted of three steps: a liter-
ature search, a selection strategy, and an extraction process. Three independent
studied performed the search process twice, first in January 2021 and again on
October 20, 2021.

Systematic Literature Review

I
! v

Initial Search (January 2021) Revised Search (October 2021) |
Step 1: Literature search Step 1: Literature search
Key terms: LA tool, LA system, Key terms: LA tool, LA system, LA software,
LA software, and LA application and LA application, EDM tool, EDM system,
EDM software, EDM application, AIED tool,
and more
Results = 232 articles :
Results = 66 articles

. .

Step 2: Selection strategy Step 2: Selection strategy
1) Exclusion criteria 1) Exclus}on crjter}a
2) Inclusion criteria 2) Inclusmn criteria
3) Articles filtering 3) Articles filtering
Results = 156 articles | Results = 27 articles |

v v

Step 3: Extraction process Step 3: Extraction process

] 1) Full-text studies
1) Full-text studies o
2) LAS building process %; ]ﬂﬁg buqldlr;g IOCESS
3) LAS evaluation Sxauauon

| Results = 62 articles Results =13 articles |

| |
=

75 articles

Fig. 1. Process of the systematic review

3.1 Literature search

In the first step, a pool of articles was retrieved via a systematic search of well-
known and well-established databases in the fields of education and computing.
This search was performed automatically and manually, using search strings
derived from keywords defined based on the concepts of our study questions, as
shown in Table 1. Using Boolean logical operators (OR, AND), each combination of
keywords generated a set of search strings, as presented in Table 2. For the auto-
matic search, we applied the proposed search strings to eight major bibliographic
databases (IEEE Explorer, ACM Digital Library, ScienceDirect, Google Scholar, Wiley,
Springer, Scopus, and Web of Science) with the intention of collecting evidence
from reliable and high-quality sources. In the manual search, any related work that
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was identified while studying another paper was also added to our list of papers.
The search strings or queries were tailored using a set of chosen keywords (“tool,”
“application,” “software,” “system,” and “dashboard”) along with logical conjunc-
tions with emerging techniques, including LA, EDM, and artificial intelligence in
education.

Table 1. List of keywords used for searches

Type Search Keywords

Research subject software; application; system; tool; dashboard

Domains learning analytics; LA; educational data mining; EDM; artificial intelligence in
education; Al in education; AIED

In the initial search conducted in January 2021, a total of 232 relevant articles
were obtained by running the query: (“learning analytics” OR “LA”) AND (“tool” OR
“application” OR “software” OR “system” OR “dashboard”). For each query, after the
top 30 or 40 records, the databases started to provide articles from other domains,
such as medicine and engineering. A revised search was conducted in October 2021
in which two more queries were run, in addition to the previous ones: (“educational
data mining” OR “EDM”) AND (“tool” OR “application” OR “software” OR “system”
OR “dashboard”), and (“artificial intelligence in education” OR “Al in education”
OR “AIED”) AND (“tool” OR “application” OR “software” OR “system” OR “dash-
board”). The reason for adding these queries was the overlap between available
papers on LA and those on EDM and AI in education. The revised search yielded
66 more articles.

Table 2. Search strings (queries)

Search Strings

(“learning analytics” OR “LA”) AND (“software” OR “system” OR “tool” OR “application” OR “dashboard”)

(“educational data mining” OR “EDM”) AND (“software” OR “system” OR “tool” OR “application” OR
“dashboard”)

(“artificial intelligence in education” OR “Al in education” OR “AIED”) AND (“software” OR “system” OR
“tool” OR “application” OR “dashboard”)

3.2 Selection strategy

The articles were selected based on exclusion and inclusion criteria, as shown
in Tables 3 and 4. A three-step selection strategy was applied to identify poten-
tially relevant articles. First, exclusion criteria were applied to remove all duplicate,
non-English, incomplete (where only the abstract was available), short (poster), and
gray literature, while emphasizing the selection of 232 full-text scientific journal arti-
cles and conference papers. Second, inclusion criteria were applied, in which the
scope and study context of each article (higher education) were noted from the title,
keywords, and abstract. Third, after applying these exclusion and inclusion criteria,
the articles were filtered based on the introduction, headings, graphic information,
tabular data, and conclusion. As a result, 156 articles were selected by the initial
search in January 2021, and an additional 27 articles were selected from the revised
search in October 2021.
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Table 3. Exclusion criteria for literature selection

Exclusion Criteria Description

Duplicate articles Same article retrieved from different databases

Non-English articles Articles not written in English

Incomplete paper Papers for which only the abstracts were available rather than the full text
Short paper Posters or small conference papers with less than five pages

Grey literature Other study materials such as reports and pre-prints

3.3 Extraction process

In the final step of the search, an extraction process was applied to the filtered
articles to remove model proposals, conceptual frameworks, and preliminary
versions of articles (i.e., conference articles that were later extended to journal
articles). By reading empirical analyses, experimentation details, and case stud-
ies, we extracted only articles containing a full-text study with detailed study of an
LAS building process, implementation, and evaluation in real-world scenarios. As
a result of this extraction process, a total of 75 articles were extracted, of which 62
were identified during the January 2021 search and 13 were identified during the
October 2021 search.

Table 4. Inclusion criteria for literature selection

Inclusion Criteria Description

Quality papers Peer-reviewed journal and conference articles
Scope LAS in the domain of higher education
Research context Higher education

3.4 Analysis

The final 75 papers were read and analyzed in order to analyze the articles. This
analysis focused on the name of the software, the category, the functions imple-
mented, the analytical approaches used, and their limitations. In light of our study
questions, two studied independently coded each article; we then calculated the
percentage agreement between the coders and the value of Cohen’s Kappa, a statis-
tical measure [16]. For the 75 articles, the agreement between coders was 89%, and
Cohen’s Kappa was 0.67. Coding conflicts were first discussed between both coders
and then reconciled for use in the final results. Based on this analysis, articles were
thematized into three LAS categories (refer Table 5): (i) LAS for identifying at-risk stu-
dents through early warning; (ii) LAS for computer-supported collaborative learn-
ing; and (iii) LAS for self-regulated learning. Overall, 91% of the assessed software
explicitly mentioned the software category in the paper’s purpose. The remaining
9% of the assessed software did not explicitly mention the category of the software;
however, they did address one of the tasks of the mentioned categories; for example,
Santos et al. [17] developed software that provides goal-oriented self-evaluation sup-
port to students; however, while in the text the authors did mention the software
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category, the tasks of goal setting and self-evaluation were tabulated under the
self-regulated learning category of software.

These software categories we used are conventional and have been reported in
the literature [18-20]. This analysis found that one function that provides reflection
to students about their learning overlaps in three categories. For example, software
for collaborative learning and self-regulated learning provides opportunities for
reflection for students on their tasks. However, the utilization of data and the imple-
mentation of analytical approaches were contrasting.

Table 5. Learning analytics software and their respective categories

LA Software Reference LA Software Reference

Category: At-Risk Student Identification

Course Signal [21] Advisory Dialogue [33]
Student Success System [22] Student Engagement Viewer [34]
Key Splitting Milestones [23] Adaptive Learning System [35]
OU Analyse [24] CA-LAD [19]
Student Activity Meter [25] GradeCraft [36]
Early Warning Software [26] HEFCE [37]
Student Explorer [27] LARA [38]
[EWS [28] LAPLE [39]
ALAS-KA [29] EMODA [40]
LOCO-Analyst (30] [-LAD [41]
MEWS [31] ITLAT [42]
GAR-Based EWS (32]

SNAPP [43] Dyad Body Posture [20]
CanvasNet [44] BLINC [53]
PyramidApp [45] FCA [54]
MTClassroom [46] PIKMO System [55]
VILLE [47] Scripted-CL Sessions [56]
Team Formation (48] SRES [57]
Starburst [49] Metafora [58]
COLLECE [50] SocialLearn [59]
VCRI [51] Facilitators First [60]
SST (52] SF-SLA [61]
OpenEssayist [62] Instrumentation Tools [78]
Ask-Elle [63] C-LAD (79]
Mastery Grids [64] TF-LAD [80]

(Continued)
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Table 5. Learning analytics software and their respective categories (Continued)

LA Software Reference LA Software Reference

Category: Self-Regulated Learning

AutoTeach [65] SR-LAD [17]
LearnTracker [66] Learning Pulse [81]
U-Behavior (67 ELAT (82]
WIDE [68] RIDT [83]
ESM [69] nStudy [84]
AMBA [18] AcaWriter [85]
Compod [70] OnTask [86]
The Lifelong Learning Hub [71] CR-LAD [87]
MyLA [72] LISSA [88]
Mobile LAP [73] Learning skills dashboard [89]
NoteMyProgress [74,75] F-LAD [90]
Next-TELL [76] SlimStampen [91]
RiPPLE [77] DIFIAR [92]
4  RESULTS

In this section, we review the LAS-outlined embedded functions and LA
approaches implemented in software, and we highlight the limitations of these
approaches.

4.1 Research question 1: What types of learning analytics software have been
developed, and for what purposes?

One of the main objectives of this systematic review was to identify the types of
LAS that have been developed and implemented. Our analysis led to the identifica-
tion of three categories: ARSI, CSCL, and SRL. Figure 2 depicts the number of LAS in
each type or category and demonstrates that SRL software outnumbered ARSI and
CSCL software. The purpose of each category of software is different; for example,
ARSI software provides information to teachers about students who may fail, receive
low grades, or drop out of a course, whereas CSCL software facilitates collaboration
among students and teachers and supports teachers in the identification of isolated
students and the creation of learning groups, while SRL software provides informa-
tion that can help students’ reflection and guide them to make necessary changes
that lead to successful SRL. On the other hand, Figure 3 presents the year-wise sum-
mary of the reviewed LAS and shows a trend that demonstrates that the interest in
developing new forms of LAS has increased over time, especially in recent years
(e.g., 2020 and 2021).

We also performed an analysis to identify the maturity level and development
settings of the reviewed LAS. Regarding the maturity level, Figure 4 shows that
around 71% (n = 53) of LAS were standalone versions, meaning they could operate
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independently, and 16% (n = 12) of LAS were extension or additional plugins to an
existing LMS. In contrast, the remaining LAS were still in the prototype stage or were
subkits of different existing small-level tools that teachers and students commonly
use in courses. Concerning deployment settings, 76% (n = 57) of the analyzed LAS
were deployed on students in different educational settings (shown in Figure 5). For
example, the most common setting was undergraduate courses where students use a
LAS throughout the course, while a few LAS were also deployed in PhD-level courses.
Conversely, the remaining 24% of LAS were deployed with teachers and experts
(e.g., studied or developers). These deployments had two main goals: (1) since 13%
of LAS was developed for teachers only, it was obviously to help teachers or domain
experts perform LAS evaluations; and (2) to understand the design and practical
issues of these LAS before deploying them in a real educational setting.

Total
40
30
20
10
0
ARSI CSCL SRL
W Total

Fig. 2. Reviewed learning analytics software categories

Total

30

20

. . I l . I
0

2011-2013 2014-2015 2016-2017 2018-2019 2020-2021
M Total

Fig. 3. Year-wise summary of reviewed learning analytics software

Total
60
50
40
30
20
10
0 — — -
Prototype Toolkit LMS Extensionor Standalone Version
Plugin
m Total

Fig. 4. Level of maturity of reviewed learning analytics software

{JET | Vol. 19 No. 7 (2024) International Journal of Emerging Technologies in Learning (iJET)


https://online-journals.org/index.php/i-jet

Afzaal and Nouri

Total
60
40
20
0 — 1
Experts Teachers Students
H Total

Fig. 5. Deployment settings of reviewed learning analytic software

4.2 Research question 2: What functions are embedded in existing learning
analytics software?

At-risk student identification software offers several functions, assigning a risk
status (e.g., at-risk, possibly at-risk, not at-risk) to each student based on learn-
ing activities—the primary one [31], de Quincey et al. [37]. The risk status func-
tion enables teachers to design an intervention that might help retain a high-risk
student. Therefore, ARSI software offers functionality allowing teachers to create
interventions for students based on their risk level, for example, in the form of
a personalized email or a private message (Cavanagh et al. [35]). Other forms of
ARSI software also allow teachers to make improvements by authoring study con-
tent, assessments, feedback, and study plans adapted to the identified students’
needs (Weng et al. [34]). Moreover, ARSI software provides reflection functions
for students and teachers based on students’ activities in order to raise aware-
ness and help students understand why they have been assigned a particular sta-
tus [36, 42].

On the other hand, CSCL software with LA support offers a range of functions,
such as identifying isolated or disengaged students [43]. Some software of this type
also provides a monitoring function for students and teachers that both helps teach-
ers monitor student collaboration on a task and supports students in comparing
their engagement with their peers [46, 60]. Some software in this category can also
support teachers in forming collaborative groups based on student feedback on their
collaborative learning experiences (Manathunga and Hernandez-Leo [45]). Another
essential function is improving student interaction by enhancing their awareness
using a diverse range of data, including discussion forums, LMS behavior, body pos-
tures, and voice recordings [58, 61].

Self-regulated learning software supports diverse functions to help students reg-
ulate their learning. It frequently starts with goal setting and planning; this kind of
software allows students to set learning goals, plan their activities (e.g., assignments),
and meet deadlines [79]. SRL software also provides performance monitoring func-
tions for both students and teachers. On the one hand, it allows students to visualize
their performance in activities and compare it with their peers via the analysis of
various statistics (e.g., reading time and the status of specific goals) (Kia et al. [72],
[75]). On the other hand, it both supports teachers in monitoring students’ progress
and helps regulate students’ needs [80]. Beyond those, the most common functions
in SRL are self-evaluation and reflection functions that provide intelligent feedback
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(e.g., statistical, visual, and textual) about students’ activities related to their learning
goals that helps them reflect and make timely decisions [17, 77].

4.3 Research question 3: What analytics approaches are employed in learning
analytics software, and what are their limitations?

In this review, we also sought to identify the analytical approaches that were
applied to create the LAS functions and the limitations of these approaches.

Learning analytics software for identifying at-risk students. The prime fea-
ture of ARSI software is to predict student risk status; therefore, several approaches
have been implemented for this purpose. For example, three studies [21, 26, 37]
implemented different ML algorithms (e.g., random forest, logistic regression, C4.5,
decision, and regression trees) on students’ LMS data to classify them into different
risk statuses (e.g., pass or fail), and they achieved 95% accuracy with a regression
tree approach. On the other hand, Baneres et al. [93] performed gradual at-risk mod-
elling, where sub-models were built for each assessment activity to determine the
probability of passing or failing a course. The created models were evaluated on
two different courses, and the best accuracy of 95.78% was achieved using kNN.
Likewise, Cano and Leonard [31] implemented an incremental multi-view genetic
algorithm to identify dropout students. However, these approaches cannot predict
student risk status at the assignment or task level, and it can be helpful for a stu-
dent to know the prediction of the following upcoming assignment. Therefore, four
studies [22-24, 34-41] implemented ML and visualization approaches at the assign-
ment level to predict success status. For instance, Hlosta et al. [23] implemented a
splitting milestone technique consisting of three steps. First, the students’ activities
were divided into a time-sliced format; then, to identify the essential milestones, the
algorithm continuously examined the differences between successful and unsuc-
cessful students. Finally, the best splitting values were generated from the identified
milestone. Herodotou et al. [24] employed an ensemble approach using the three
ML algorithms of Naive Bayes, kNN, and CART, and they developed four predictive
models. Combining the results of these four models improved the overall accuracy
compared to using a single model.

The formulation of interventions is an important feature and is considered
essential for the success of at-risk students. Therefore, De Laet et al. [33] introduced
three modules, where the first module visualized the entire learning path on a
single screen using historical academic records; the second module simulated the
workload; and the third module performed a comparison with peers. These mod-
ules help teachers formulate an effective intervention for students. On the other
hand, Fu et al. [39] worked on programming log data to discover students’ weak-
nesses and classify them as “outstanding,” “active,” or “struggling” in real-time to
support teachers in intervention formation. Improving course content is also con-
sidered essential to the success of students. Therefore, Weng et al. [34] processed log
data from the BookRoll tool attached to Moodle and assisted teachers by improv-
ing learning content through the provision of a statistical demonstration based on
actions taken by students while reading e-books. Hwang et al. [19] conducted a
cognitive analysis of students by implementing techniques using a “fuzzy” mem-
bership function and fuzzy rules, which enabled the provision of suitable learning
material to each student. In the same context, Cavanagh et al. [35] proposed several
strategies, including manual preparation of assessments, a learning path, and the
provision of suitable alternative content. Moreover, pedagogical teaching practices
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were also proposed using domain-based, concept-based, and student-based learn-
ing analytics.

Learning analytics approaches also offer interactive visualizations to raise
awareness among teachers and students about their learning and teaching activ-
ities. For instance, Holman et al. [36] developed several visualizations such as per-
formance summaries, class standing, and badge analytics, to reflect on. Similarly,
Govaerts et al. [25] tracked and visualized the changes in students’ activities by
dividing student tracking data into 14 parts, which could help students detect
learning patterns. Conversely, Ruipérez-Valiente et al. [29] identified 21 indica-
tors (e.g., video efficiency, exercise efficiency, level of emotions, etc.) for teachers to
guide them concerning individual students and the overall class status. In a similar
vein, Ali et al. [30, 42] presented statistical information about students’ interactions
with course content. Likewise, Ruiz et al. [38] captured students’ emotions and pro-
vided reflection to both teacher and student, then measured the effects on student
academic performance.

Limitation: Predictive models for identifying at-risk students have been
developed for specific courses and fed only with LMS data and are likely to have
poor generalisability beyond the original context [37]. Moreover, visualization is
an effective method of forecasting risk level, yet the use of complex visualiza-
tions may not be easy to understand, giving rise to the risk of incorrect decision-
making and severe repercussions on students’ learning. Regarding intervention
formation, the approaches analyzed in this paper could not monitor the impact of
interventions on students’ learning, making it difficult for teachers to adapt their
interventions to meet students’ needs. Moreover, no system was found to be uni-
versal for all types of students, as different students come from different academic
and socioeconomic backgrounds, and the learning difficulties faced by each stu-
dent are also difficult to identify. Recognition of the impact of awareness methods
was missing, although the use of data from previous students could form the basis
for intelligent recommendations that might help current students find successful
learning trajectories.

Approaches for computer-supported collaborative learning. Computer-
supported learning software is primarily focused on visualization approaches to
identify isolated students, monitor their participation, and provide support and
awareness about their interactions. Bakharia and Dawson [43] implemented an
ego-network based on student interaction data to identify isolated students. This
approach extracted student discussion data to generate a student learning network.
For example, a network would be “loose” if a participant submitted a post to which
no other participants responded. On the other hand, to identify students who sel-
dom participated in collaborative discussions, Radu et al. [20] used Kinetic sensors
and Hololens headsets to collect data on the participants’ joint coordinates and their
gaze information. They then analyzed the data using a K-means posture clustering
technique based on an elbow method.

Regarding student participation monitoring, Martinez-Maldonado et al. [46]
implemented a proportion visualization technique using multi-touch tabletops data
to represent the active participation of each student in a given collaborative activ-
ity. In the same context, Han et al. [54] developed an adaptive argument support
system in a face-to-face environment by applying Pearson’s correlation analyzes
to group discussion data. The desired student learning status was visualized by
applying color-coding to collaborative scripts using a rule-based algorithm. Since
adaptive argumentation may raise the issues of students’ perceived choice and
lack of motivation, Challco et al. [56] introduced an ontology-based gamification
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scheme for collaborative session scripts in which game design exercises encoded
student knowledge. Different view panels on the dashboard were provided based
on the student role, using role models for visualization. Using a different approach,
Yoo and Jin [55] applied interaction analysis to determine student participa-
tion and employed a comparability analysis implementation to compare student
engagement with peers.

Forming collaborative groups is another helpful feature; therefore, Manathunga
and Hernandez-Leo [45] developed behavioral rules (e.g., flow, control, aware-
ness, and support) to construct active working groups. However, rules were not
efficient in forming heterogeneous and homogeneous groups. Duque et al. [50]
therefore applied the concept of data depth to student data in terms of both homo-
geneous analysis indicators (HOAIs), such as communication skills and work
speed, and heterogeneous indicators (HEAISs), such as the quality of presentations
and documentation and success in problem-solving, and they divided students
into groups based on a minimum score (the difference between the HOAIs and
HEAIs). Similarly, Alberola et al. [48] applied Bayesian learning to students’ feed-
back on their peers to identify and use eight behavioral patterns for future group
formation.

In terms of social interaction and awareness, several studies [44, 53, 55, 61]
implemented text analysis techniques on interactions to create networks and
representations for students that provide guidance and insights about their col-
laboration. For example, Ouyang et al. [61] implemented multi-method analytics
(i.e., social network analysis, text mining technique, and content analysis) to pro-
duce three network representations, namely the social network, the topic network,
and the cognitive network, so that students can monitor their own and peers’ social
interactions. Worsley et al. [53] enhanced the collaborative experience of students
by first transcribing real-world audio and video discussion and then applying
sentiment analysis to provide guidance. On the other hand, Wise et al. [49] imple-
mented a hyperbolic tree structure to both encourage students to interact more with
their peers and practice a visualization based on a night sky metaphor to promote
student participation.

Limitations: Isolated student identification approaches did not consider
passive participation, whereby participants read or browse messages but do
not respond. Moreover, these approaches are one-dimensional in that they are
exclusively based on the number of student interactions in discussion forums.
Supporting group formation based on student feedback may overlook import-
ant factors, such as the interpersonal relationships between students and their
past performance and skills. Furthermore, these approaches do not provide an
early success status update and cannot predict whether or not a collaborative
group will complete an assigned task within the allotted time. Lastly, visualiza-
tion approaches were found to improve interaction with peers; however, they
could become difficult to interpret, such as visualizations used in vast networks,
such as massive courses.

Approaches for self-regulated learning. Self-regulated learning software
starts with goal setting, planning, and time management, which are considered
essential steps in regulating students’ learning. Muslim et al. [83] achieved this by
enabling students to define their goals, pose questions, and self-define their indi-
cators based on personalized and goal-oriented LA. To help students track their
learning activity goals, Gaftandzhieva et al. [73] developed a hierarchical system of
measurable indicators based on LMS data that could help students meet their activ-
ity goals and improve course success. However, achievement levels and learning
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indicators do not provide meaningful information to help students reach their
desired goals. Hence, Kia et al. [72] proposed a progress-towards-the-final-grade
(goal) approach based on assignment dates for an entire course and their calcu-
lated influence on the student’s final grade, which was able to help students spend
time on only those assignments that had more impact on their final grade. On the
other hand, Jivet et al. [79] employed a qualitative analysis approach to coding
each goal into three binary variables, describing the presence of a learning com-
ponent and a performance or time-frame component in the goal text. Concerning
managing time, Sense et al. [91] proposed a learner-specific rate approach to the
forgetting of scheduling items using each student’s “forget rate,” which inspires
students to use their study time more effectively. Similarly, Tabuenca et al. [66] uti-
lized mobile time logs from students’ SRL activities to calculate their achievement
levels. This approach uses the time spent variable and the scores obtained in SRL
activities to calculate the probability of achieving a specific goal based on their
relative frequency.

Performance comparison and monitoring are also considered essential compo-
nents of SRL software. Therefore, three studies [18, 72, 88] implemented ML and
visualization approaches that support students in comparing their performance
with their peers. For example, Aljohani et al. [18] implemented ML methods on
student tracking data to analyze students’ online activities and presented peer
comparisons using a graphical representation. Similarly, Charleer et al. [88] pro-
cessed students’ historical data (grades) to make learning paths that help students
monitor and compare their performance with peers. Three studies [64, 89, 90]
provided skill level comparison by employing a mastery progress grid and skill
meter to help students compare their level of understanding of different course
concepts and contents. On the other hand, Bull et al. [76] developed a skills meter
that both helps teachers compare each student’s understanding of the course con-
cepts at the activity level and allows teachers to alter the weightings of activities in
the model. Similarly, Dourado et al. [80] implemented a discovery approach that
processes LMS event data by removing irrelevant events and extracting relevant
events. After that, identical sequences were grouped to build a tree with the most
common learning paths.

Self-evaluation and reflection are also considered essential features of SRL
software, according to Whitelock et al. [62]. In four studies by [67, 72, 75, 81], who
implemented visualization approaches to provide evaluation and reflection, the
authors extracted features from textual assignments (e.g., common words, central
ideas, and grammatical structures) and generated a tag cloud to provide an evalua-
tion of the written material. Similarly, Knight et al. [85] implemented NLP techniques
on the rhetorical utterances in students’ texts to identify sentences that commu-
nicate a specific rhetorical function. The system includes a computational parser
that processes each sentence in the text and identifies rhetorical moves. Likewise,
Kia et al. [72] and Khosravi et al. [77] proposed a resource selection strategy that tab-
ulates access to the course materials, categorizes the results based on each resource,
and then generates a graphical representation that helps students determine (“rec-
ommend”) which resource is vital to read or watch versus which has already been
read or watched. With a focus on programming tasks, two studies [63, 65] applied
code tracking and a hint generator based on a set of rules derived from teacher-
specified annotated solutions. These generated rules were used to identify code
errors and provide hints. On the other hand, Bodily et al. [87] developed a con-
tent recommender system that uses correct-answer probability to give feedback on
improving mastery of each concept. This real-time feedback is presented at the unit
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level, which allows students to study more strategically as they can easily see their
knowledge gaps. Sending feedback based on students’ needs is also challenging;
Tabuenca et al. [66] implemented a notification-based feedback approach that sent
customized feedback notifications rather than static daily notifications based on the
student’s tracking data (TD). Conversely, Pardo et al. [86] implemented a person-
alized messaging system that provides feedback based on students’ needs data to
suggest actions.

Limitations: Goal-setting and planning approaches were found to be help-
ful, but they could not identify the most appropriate time for performing a spe-
cific task or the most effective time slot. Performance comparison approaches did
not provide information that explains why some students perform better than
others. Without such information, students are left without guidance on how to
self-regulate. On the other hand, approaches for programming task evaluation
involving a comparative analysis with expert solutions could have adverse out-
comes, as students might develop unique solutions not in line with expert solutions.
In this case, hints based on expert solutions may hinder a student’s self-learning
process. Finally, recommendation approaches signal to students which content
or resource is essential to improving their academic performance based on the
utilization of specific content within their class. This information might not be
helpful until the impact of these resources on the student’s performance has
been calculated.

5  DISCUSSION
5.1 Findings

This study systematically reviewed the available forms of LAS for higher edu-
cation. Starting with the first study question, we categorized the reviewed LAS
based on purpose into the three categories of ARSI, CSCL, and SRL. Furthermore,
we revealed that most of the LAS were standalone versions, meaning they could
operate independently, and the remainder were plugins for LMSs or toolkits.
The analyzed LAS were employed by students and teachers in diverse higher
education courses. However, a few software packages were also assessed by
experts to understand the design and practical issues of LAS before deploying
them. Moreover, a year-wise analysis showed that interest in developing LAS has
increased recently because of the adoption of digital tools, the availability of vast
amounts of student data, and the opportunity to understand and optimize the
learning experience.

For our second study question, we aimed to identify the embedded functions in
the existing LAS. The results demonstrate that LAS delivers several essential func-
tions to both teachers and students. As shown in Figure 6, teachers were offered
three sets of functions related to detection, examination, and formation. The first
set of detection functions allows teachers to identify at-risk and isolated students
and discover the areas in which they are struggling. The second set of functions
was linked to examining student behavior, active participation, and risk level,
while the last function was related to intervention and feedback support for teach-
ers. The functions offered to students can be categorized into four types. The first
involves reflection and evaluation, whereby students can acquire understand-
ing about why they are failing a course, and they can obtain automated assess-
ment and feedback on their tasks and performance. The second type of function
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provides monitoring based on active participation in collaborative tasks, and it
delivers comparisons and analyses of success rates compared to peers. Several
interactive functions were added to the existing social network framework to
improve social interaction, with a view to understanding and identifying highly
relevant discussion topics and rating peers’ options (questions and answers) to
gain more information. Last, to motivate and remind students about their goals,
which were determined before they started the course, the assessed LAS provided
functions that allow students to self-regulate based on these goals. According to
the LAS evaluations presented in the reviewed articles, the embedded functions
were found to provide significant support in terms of helping both students and
teachers reach their goals.

“ Functions for Teachers / Functions for Students :
\ / \
Detection \ Reflection & Evaluation ;
e  At-risk student detection - ¢  Seclf-reflection & awareness \
® Isolated student detection o  Self-evaluation \
e  Areas of struggle detection Learning ¢  Feedback seeking ‘
Monitoring & Inspection | Sk Analysis_ & Con_:lpnri_son e ‘
e Monitoring student behaviour Y *  Active participation monitoring
e  Monitoring student participation Software »  Performance comparison |
e Monitoring risk level *  Success rate analysis .
\ Intervention & Feedback y Soctal Interaction; . y
! e Intervention guidance ‘ o Identify most_dlscussed topics y
s Collaborative groups formation y WA e onion y
" & Advice and feedback generation . Planning & Goal Setting y
A y Q /
N )y’ K /
g y . = 4

- ) e “\H; ) e
Fig. 6. Overview of functions offered by learning analytics software

To answer our third study question, we provided an overview of the approaches
implemented by LAS and their corresponding limitations. As seen in Figure 7, an
overall 42% of the LAS-implemented visualization approaches mainly showed
students analytics in a way that could be beneficial. Data mining approaches
were implemented by 25% of the assessed LAS to identify student behavior pat-
terns. In contrast, 18% of the assessed LAS employed ML approaches for predic-
tion or detection tasks. NLP and statistical analysis were the least implemented
approaches; the use of NLP approaches was to process and understand textual
data, while statistical analysis was used to find correlations between students
or activities. ARSI software implemented ML algorithms (e.g., Naive Bayes, kNN,
regression, decision tree, CART, logistic regression, and random forest) to identify
at-risk students and project risk levels. Data mining approaches improved the
identification process by identifying the weaknesses in students’ behavior, which
helped teachers formulate student interventions. Additionally, visualiszation
approaches provide awareness among students about their class standing, prog-
ress, and skill level. Although these analytical approaches provided satisfactory
results, the transferability of ML approaches to other courses was questioned [37].
Furthermore, approaches were mainly fed with LMS data, overlooking learning
that occurs in a blended manner.
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Fig. 7. Overview of approaches offered by learning analytics software

Computer-supported collaborative learning software predominantly employed
data mining approaches such as Bayesian learning, algorithmic rules, and data
depth analysis to create optimized learning groups and maintain their working flow
and social interactions. However, these approaches did not include passive partici-
pation, which occurs within forums when participants read or browse messages but
do not respond [94]. Conversely, text analysis approaches were employed to develop
social, topical, and cognitive networks to enhance students’ understanding of their
and their peers’ social interactions. However, networks were one-dimensional and
based only on the number of interactions (quantity) and therefore could not cap-
ture the complex nature of collaborative learning [95]. SRL systems focus on visu-
alization approaches to provide feedback and compare students’ learning skills. In
contrast, data mining and ML techniques helped to make these graphical represen-
tations more informative. For example, the tag cloud was one of the visualizations to
assess textual assignments generated by performing syntactic and semantic analysis
on textual data. On the other hand, graph-oriented visualizations provided compari-
son among students and feedback about their daily activities, which were produced
using ML algorithms and statistical analysis of students’ data. Visual notification
was another approach based on analytical information (e.g., time-devoted or achiev-
able grades) sent through emails to provide self-reflection and goal achievement
status. However, the interpretation of system-generated feedback is a drawback of
visualization approaches due to their complex structuring, whereas lacking recom-
mendations based on behavior analysis was the crucial constraint of the proposed
approaches.

5.2 Implications

We consider the findings of this study interesting from three perspectives.
From a student’s perspective, at-risk status identification, monitoring, reflection,
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and awareness functions help students better understand the learning process
and improve their learning outcomes [78]. As a result, students can complete their
courses, change their learning behavior, achieve their learning goals, and effectively
collaborate on tasks. Another practical implication of LAS is that recommendations
and timely feedback can motivate students to perform more actions (e.g., complete
their learning tasks), leading to improved assessment performance [96]. As students
start regulating themselves, this indirectly supports teachers, who are responsible
(especially in massive and distance courses) for continually intervening and guid-
ing students through course activities, for instance, by emphasizing the importance
of a task, the time needed to complete it, and the required score to pass. Since LAS
handles these responsibilities and gives students information regularly, the teach-
er’s job becomes more manageable. However, LAS can impact students negatively
because LAS are overloaded with information, and many students are using these
kinds of LAS for the first time [60]. Overall, students appeared to feel that most LAS
were helpful. Still, a few functions (e.g., the interaction dashboard) may have been
unfamiliar or relatively less dependable, and students may require skills to interpret
that information [55]. Therefore, LAS that are built according to students’ capacities
can be more effective.

From the teacher’s perspective, LAS can be practically helpful in informing
teachers about at-risk students, disengaged students in collaborative tasks, and
students who require special attention or help to proceed with their learning, espe-
cially in distance learning scenarios. Such insights could lead to proactive teaching
practice, where teachers approach students flagged as at-risk, discuss their prog-
ress and performance, identify possible learning difficulties, and provide real-time,
tailored support to accommodate a student’s learning needs [24]. From a cultural
perspective, the effect of learning analytics is not determined solely by the features
of the technology itself; more importantly, how the technologies are used is criti-
cal due to the complex interplay between stakeholders, the learning contexts, and
the affordances of the new LAS. Since the LAS feeds the information back to the
students themselves, the visualizations must be tailored to the students’ learning
needs, goals, and levels of experience [61]. Therefore, merely introducing the LAS to
students is not enough; engaging students in the design and development processes
is necessary to understand their learning needs, contexts, and goals. In this way, the
software design can better align with students’ learning practices and foster better
learning. Overall, a human-centered, participatory design is one possible means to:
build collaboration between multiple stakeholders; improve the design and imple-
mentation of LAS; and evolve subsequent practices of online teaching and learning.

5.3 Identified gaps and future research recommendations

Despite the contributions made by LAS, several study gaps and areas for future
investigation were identified. These gaps provide opportunities for further explora-
tion and advancement in the field. The following sections outline the key study gaps
and suggest potential future study directions.

Customizable learning analytics dashboards. Learning analytics software
provides various dashboards that allow students to monitor their interactions, aca-
demic performance, and learning behavior throughout their courses. However, the
analytics on the dashboards are general for all students and specified by teachers,
academics, and institutions [79]. There is a need for a student-centered approach
to empower students to make their own decisions about what analytics they wish
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to see on their dashboards. A future study might address this gap by considering
customizable dashboards on which students can choose the analytics they want
to monitor towards achieving their desired academic performance. Customisable
dashboards could also be helpful in observing students’ decision-making concern-
ing what part of the analytics is essential for them and what analytics they want
to monitor on a learning platform. Moreover, how information selection decisions
relate to their learning performance during courses might also be measured.

Explainability of prediction and detection. The prediction of at-risk students
is a common feature of LAS that is used in feedback and intervention generation.
Such feedback is insightful to some extent; however, users are not provided with
the reasons behind such a status or prediction and what appropriate steps are
needed to avoid possible failure. Future studied might address this gap by using
explainable ML that can understand data and explain the predictions made by ML
models [96]. Explainable ML would clarify why a student might fail the course and
how this could be avoided (e.g., suggest remedial actions); furthermore, it could
also support teachers in generating more insightful interventions for students at a
personalized level.

Analytics interpretability and informed actions. Students appeared to agree
that the provided analytics and visualizations are challenging to interpret; as a
result, it becomes difficult for students to take suitable action [60]. Designers should
not presume that offering more information will automatically lead to better effects.
Because providing information automatically increases students’ cognitive over-
load, corresponding action support is needed. Therefore, improvements in analyt-
ics interpretability are required, mainly for students with inadequate data literacy;
it is difficult for them to quickly understand the analytical results, identify valuable
information from the results, and take informed action without external support
[84]. Furthermore, in the CSCL context, future iterations might also remind students
to take concrete steps, such as interacting with their less-engaged peers, noting
others’ contrasting perspectives, or elaborating their ideas in certain directions [61].

Long-term implementation and scalability. While many studies have exam-
ined the use of LAS in controlled settings, there is a gap in the study addressing its
long-term implementation and scalability in real-world educational contexts. Future
studied should investigate the challenges and strategies for the successful integration
and sustained use of LAS across diverse educational institutions. Exploring factors
that influence the adoption of learning analytics initiatives, institutional support,
and scalability can provide valuable insights for practitioners and policymakers.

Individual differences and personalization. Learning analytics software has
the potential to support personalized learning experiences by tailoring instruc-
tion to individual students’ needs. However, there is a study gap in understanding
how to effectively leverage learning analytics to accommodate and address indi-
vidual differences, such as learning styles, prior knowledge, and cognitive abili-
ties [3]. A future study might explore how LAS can adapt to different students and
provide personalized recommendations and interventions. Investigating the opti-
mal balance between automation and human involvement in the personalization
process is also essential.

Data privacy and ethics. As LAS collects and analyze large amounts of student
data, there are concerns about data privacy and ethical implications [97]. Future
studied should focus on developing privacy-preserving techniques and ensuring the
responsible use of student data. Additionally, investigating the perceptions and con-
cerns of students, teachers, and parents regarding data privacy could help shape
ethical guidelines for the implementation of learning analytics software.
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5.4 Limitations and future directions of this systematic review

The limitations of this study lie in the search method used and the analysis of
LAS. In terms of the search method, it might be possible that our keywords and
the corresponding set of queries were insufficient to search the entire literature.
Furthermore, our search of only a select handful of databases may mean that
some papers on LAS were overlooked, and the exclusion of books, dissertations,
and non-English and short papers in our literature selection strategy may have led
to the omission of important information on LAS. Also, the thematization of LAS
introduced a limitation of vague boundaries among the three categories of ARSI,
CSCL, and SRL software. In our analysis of software functions, we did not explore
the scalability, computational speed, and resource requirements for each form of
LAS. Furthermore, the structure and size of the datasets analyzed by the LAS were
not investigated. In the future, we plan to study existing forms of LAS from the per-
spectives of generalisability, scalability, and resource efficiency in real-time environ-
ments. To improve our search method, we will both extend the set of search queries
by adding more relevant keywords and widen the search to conduct a more compre-
hensive, systematic review. Grey literature, such as books and dissertations, will also
be incorporated into future studies. Moreover, the analysis of the LAS is not deep
or comprehensive enough, and more in-depth analysis could be possible through
concrete studies (e.g, of tools to help with self-regulation).

6  CONCLUSION

The use of LA to build LAS has provided an opportunity to deliver insightful
recommendations to students and teachers based on large-scale, heterogeneous
data drawn from learning environments. Several types of commercial and open-
source LAS have been developed with diverse objectives, such as identifying
at-risk students, enhancing collaborative learning, advancing SRL, and monitoring
students’ behaviors. In this paper, we present a systematic review of 46 types of LAS
that were implemented and evaluated in the real-world setting of higher education.
The goals of this review were to explore the implementation details of embedded
functions of LAS and to highlight the limitations that might be overcome in future
study. This study has achieved the following: (i) we presented the main functions of
the software in terms of supporting students and teachers to improve their learning
performance and teaching practice; (ii) we highlighted the LA techniques imple-
mented in the software functions; and (iii) we identified limitations and opportu-
nities for future study and the creation of software that could help advance these
fields. However, it should be noted that many of the more well-known types of LAS
have not been described in academic studies and hence were not included in this
study. Our focus was on reviewing a particular range of study-driven software in
order to obtain a deeper knowledge of the embedded functions and implemented
LA approaches.
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