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Abstract

Our world is significantly shaped by digitaliza-
tion, fostering new opportunities for technology-medi-
ated learning. Therefore, massive amounts of
knowledge become available online. However, con-
currently these formats entail less interaction and
guidance from lecturers. Thus, learners need to be
supported by intelligent learning tools that provide
suitable knowledge in a tailored way. In this context,
the use of learning analytics in its multifaceted forms
is essential. Existing literature shows a proliferation
of learning analytics use cases without a systematic
structure. Based on a structured literature review of
42 papers we organized existing literature contribu-
tions systematically and derived four use cases: learn-
ing dashboards, individualized content, tutoring sys-
tems, and adaptable learning process based on per-
sonality. Our use cases will serve as a basis for a tar-
geted scientific discourse and are valuable orientation
for the development of future learning analytics use
cases to give rise to the new form of Learning Experi-
ence Platforms.

1. Introduction

The education industry is currently experiencing
a blurring of boundaries from traditional face-to-face
to online-centric learning environments [1]. Not only
due to the recent COVID-19 pandemic but also
through recent progress in digitalization, this change
has been accelerated [2]. Thus, digital education plat-
forms like Coursera, Udemy, Edx, or Udacity are con-
quering markets worldwide, offering online courses on
manifold subjects. There is much educational infor-
mation available worldwide, promoting new possibil-
ities for technology-mediated learning. Especially or-
ganizations need to develop dynamic capabilities [3]
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and must pass on essential knowledge for digital trans-
formation and innovation to their employees [4].

However, during the learning process, individuals
and organizations get overwhelmed through an infor-
mation overload caused by news, websites, search en-
gine results, and other online sources [5]. Conse-
quently, digital education platforms should respond by
offering individualized learning experiences, which
are tailor-made for every user [6]. Individualized
learning experiences promise, amongst others, to in-
crease learning outcomes [7], improve learning effec-
tiveness [8], stimulate intrinsic activation, and motiva-
tion of learners [6].

In addition to typical e-learning platforms and
Learning Management Systems (LMS), learning ana-
lytics (LA) currently gains ground as it creates a novel
and innovative learning experience. While the availa-
bility of online learning data from these platforms ex-
pands rapidly, the application of LA methods enables
individualized education. The goal of LA is to derive
direct interventions and actions for the learner to im-
prove the learning behavior and progress [9], and to
ensure optimal receptivity of the learner [10].

Through individualized learning experiences, us-
ers can access relevant knowledge that is tailored to
their personality, knowledge state, or preferences [11].
Besides, attention must be paid to the optimal didactic
design of individualized learning experiences. Differ-
ent learning personalities should be addressed for op-
timal absorption, processing, and consolidation of
content [12]. A holistic personalized learning experi-
ence has a positive impact on learner motivation and
success [13].

Despite a broad body of literature dealing with
digital education platforms, the scholarly discourse
has not yet succeeded in taking a holistic view of learn-
ing experiences and in linking and combining different
LA use cases. Due to the high relevance of learning
smarter and individualized in combination with the
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still missing holistic view to individualize learning ex-
periences through LA, we pose the following research
question: How can learning analytics facilitate indi-
vidualized learning experiences on digital education
platforms?

To answer this research question, we defined LA
use cases concerning individualized learning experi-
ences and conducted a systematic literature review of
individual LA applications. Hence, we merged re-
search papers in a structured analysis to provide a sys-
tematic overview of the use case and discuss the tech-
nical application. With our research, we want to shed
light on the various possibilities of individualization
during the learning processes in a systematic way. Fur-
ther, the use cases support educators and educational
institutions to foster the technical implementation of
LA in a holistic technology-mediated environment.

2. Theoretical Background

2.1. Technology-Mediated Learning Platforms

In the past, technology-mediated learning plat-
forms have evolved from mere content delivery to
highly advanced technological platforms [14, 15]. A
platform is an "extensible codebase of a software-
based system that provides core functionality" [16].
Educational platforms for content delivery are also
more commonly known as e-learning or LMS. They
have different functionalities (e.g., content or perfor-
mance management) that enable a particular learning
process to be planned, executed, and fundamentally
evaluated. Educators become able to create and digi-
tally deliver content, manage learners, and evaluate
their performance [17]. Having already outlined that
the development of new organizational capabilities is
people-driven, measures need to be taken to ensure
knowledge transfer [18, 19].

However, digitization is causing the amount of in-
formation to grow exponentially. Accordingly, tradi-
tional training approaches, such as classroom training,
are becoming inefficient. In classroom training, the
amount of information cannot be conveyed and is not
tailored to the individual's level of knowledge. This is
where LA comes in and allows knowledge levels and
learner’s preferences to be recorded, managed, and au-
tomatically used by an intelligent system.

2.2. Learning Analytics

LA involves the use of collected information
about learners and learning environments in use to as-
sess, determine, and analyze it for modeling, predict-
ing, and optimizing learning processes [20]. Here, the

focus is on measuring and analyzing learner data. This
includes, for example, learning interaction data on the
use of the education platform, learning activities, or
learning assessment results [21]. The overall goal of
LA is to optimize learning and teaching based on in-
telligent data analysis. From a pedagogical perspec-
tive, the intelligent learning system should interact like
a personal teacher, helping to improve the user's learn-
ing outcome [22]. In this regard, the implementation
of LA is not only important in the academic field but
also organizational training. In this context, continu-
ous development of employees' capabilities is a key
success factor for the organization [4].

To further describe the process of applying LA,
Clow [23] defined a LA cycle in four steps: (1) the
learner generates data, (2) the data about the learner
and the learning behavior is collected, (3) the data is
analyzed and visualized, and (4) interventions are de-
rived on this basis to improve the learner's learning be-
havior. This last step is an essential component, as the
data collected should always trigger interventions in
favor of the used learner's data, so that the learning
outcome is improved [24]. For this reason, the learning
environment should provide real-time feedback to the
learner to close the cycle [22].

However, the goals and methods of LA should be
considered more closely to identify and implement ap-
propriate use cases [25]. The reference model for LA
by Chatti et al. [25] identifies four dimensions for
shaping use cases: The data environment, the stake-
holders of the data environment, the goals, and the
methods. The goals and methods of LA should be con-
sidered more closely to identify and implement appro-
priate use cases [25]. The goals can trigger different
interventions in learners and thus contribute to differ-
ent purposes in the learning process. In this context,
Seufert et al. [26] distinguish at the individual learner
level between analytics use cases for reflection and for
prediction. The former refers to the evaluation and vis-
ualization of the learning outcome in the form of feed-
back after the learning process. This includes, for ex-
ample, learning level reviews or evaluations of the
learner. Second, predictions aim to generate a predic-
tive and adaptive learning system, which includes rec-
ommendations and personalization. LA methods are
mostly based on the implementation of data science or
artificial intelligence (AI) applications. Chatti et al.
[25] include statistical methods, visualizations, classi-
fications and predictions, clustering, data mining, or
social network analysis.
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3. Research Method

To answer our research question and to give a
comprehensive overview of how LA facilitates indi-
vidualized learning experiences, we defined literature-
based use cases, collected data from research papers,
and systematically analyzed them. By drawing from a
selection of 42 papers we derived four use cases. Thus,
we were able to engage in explanation building (type
two) for the field of information systems [27].

The definition of literature-based use cases aims
to identify and analyze the use of LA for individual-
ized learning experiences on educational platforms. In
the first step, we conducted an initial literature screen-
ing to become acquainted with the established LA
methods and identified promising use case areas. To
answer our research question, we applied the follow-
ing criteria for LA use cases to be included in our se-
lection: (1) use case must have a clear objective and
appropriate LA methods, (2) use case must focus on
individual LA systems (no social LA systems), (3) use
case allows to create direct value for the learner. After
the initial screening, we conducted brainstorming ses-
sions and identified patterns, based on which we final-
ized the use case patterns to ensure that the sampling
is purposive, logical, and representative [28]. The re-
sult is the following four use case patterns: learning
dashboards (nl), individualized learning content (n2),
individualized tutoring (n3), and personalized learning
systems (n4).

In the second step, we follow Kitchenham and
Charters [29] to execute a structured literature search
for the data collection of our use cases. For each use
case, brief definitions are drawn up for the purpose of
subdivision, and together with our research question,
the following search terms are derived from these def-
initions:  (nl) =“learning ~ AND  dashboard”,
(n2) = “individualized AND learning AND (path OR
content)”, (n3)=“individualized AND tutoring”,
(n4) = “adaptive AND learning AND personality”. By
applying our search strings, we initially found
(n1=249; n2=70; n3=49; n4=34; in total=402) relevant
articles using the IEEE Xplore Digital Library. By fo-
cusing our search only on IEEE Xplore, we were able
to incorporate the technical engineering of LA use
cases and address our interdisciplinary research field.
The literature search in all metadata (conducted in
May 2021) includes journal articles and conferences
as of 2010 to guarantee up-to-date research.

For our identified articles we adopted inclusion
criteria to narrow down our set of articles to (n1=8;
n2=10; n3=15; n4=9; in total=42). To conduct this se-
lection, all authors screened titles and abstracts and
scored the articles for relevance to the use case. The
scoring ranged from “low” (score = 1; no connection

to the use case) to “high” (score = 4; the article has a
clear connection to the use case). Only articles that
scored four were included in our final selection which
adds up to 47 articles. During this process, we re-
moved five duplicates appearing in two use cases and
assigned them to the more suitable use case resulting
in our total of 42 articles.

In the third step, we applied selective coding. In
line with Wolfswinkel et al. [30], this is done by as-
signing text excerpts to categories. Based on the LA
framework of Seufert et al. [26], we used their four di-
mensions for the analysis: objectives, data sources, in-
terventions, and applications. We adopted these di-
mensions as categories to analyze the use cases and
ensure comparability during the analysis.

The dimension objectives aims to determine how
LA can support reflection or prediction in the learning
process [26]. Data sources consider data requirements
of the learner e.g., age, gender, personality, or system
interaction. As the intervention for the learner is the
most important factor [23], we included it as a separate
dimension. Interventions propose the pedagogical ac-
tions on the learners to improve their learning out-
comes. The fourth dimension comprises the applica-
tion, which includes the used methods, technologies,
and technical implementation in the education plat-
form. In contrast to Seufert et al. [26] and Greller and
Drachsler [7], we excluded the stakeholder dimension
because our research question explicitly aims to iden-
tify use cases for the learner only.

4. Results

4.1. Use Case 1: Individual Learning Dash-
board

Individual LA dashboards are often implemented
on digital education platforms to track learners' skill
development and learning activities, as well as to de-
tect an emerging problem during the learning process
[31]. Learning dashboards often comprise a single-
page user interface to display the current learning state
and historical key performance indicators [32, 33].
The visualization should facilitate self-monitoring
learning activities, enable informed decisions, and in-
fluence the intended learning behavior of the individ-
ual e.g., by evaluating the performance. Thus, the vis-
ualization attempts to influence the learner's psychol-
ogy and activities to learn more effectively [34].

Objectives. Learning dashboards generally aim to
evoke changes in learning behavior through visualiza-
tion [35]. In the context of sense-making, LA dash-
boards aim to represent user-specific learning data in
a meaningful way [32, 35]. Besides, dashboards can
provide personalized, visualized feedback for learners
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in real-time [36, 35]. This visually-prepared feedback
also provides data-driven insights to improve the deci-
sion-making processes of learners, for instance about
the learning process and progress [32, 36, 31, 35].
Schwendimann et al., Matcha et al., and Rohloff et al.
[32, 31, 35] have experienced that LA dashboards can
improve the motivation and behavior of learners. In
line with the constructivist learning approach, a major
objective of dashboards is the facilitation of self-mon-
itoring, self-regulation, and self-evaluation [32, 35].

Data sources. The most important data input re-
ferring to Schwendimann et al. and Matcha et al. [32,
31] is logs to track computer-mediated user activity.
However, there are manifold data sources that can be
used for the application of LA dashboards, for in-
stance, user information collected through question-
naires and interviews [32, 31], user-produced learning
artifacts, completed tasks [32, 33], and test scores [36,
33], institutional database records including course in-
formation [32], or user activity tracked with sensors
[32]. Additionally, Schwendimann et al. [32] examine
the advantages of collecting data from external appli-
cation programming interfaces (API) and social media
applications.

Interventions. Dashboard-induced interventions
mainly focus on evoking a change in learning behavior
[35]. The interventions of analyzed use cases induce,
amongst others, the adaption of learning strategies and
the update of goals and standards. Further, interven-
tions might influence learner’s motivation, self-effi-
cacy, and dispositions [31]. According to Schwend-
imann et al. [32], interventions base on one or more of
the following dimensions: the learners’ description,
their actions on the platform, the produced and learned
content, their results, the learning context, and their so-
cial interaction. Rohloff et al. [35] differentiate be-
tween progress and performance interventions. While
progress overviews provide information on which
learning material must still be completed during the
learning process, performance overviews can induce
repetition suggestions after assessments. Matcha et al.
and Rohloff et al. [31, 35] state an example for social
comparison, an often-applied intervention where dash-
boards show the results of the individual compared to
the average class. The visualization of an individual-
ized learner’s activity compared to cohorts stimulates
self-reflection.

Application. For the technical implementation of
dashboards, three components must be integrated. A
useful dashboard should combine functionality and in-
teractivity for the users [37]. Therefore, usability test-
ing is an important step during dashboard development
and implementation [37]. The first components are
web-based learning environments or LMS, for in-

stance, moodle or Edx [36, 33, 35]. The second com-
ponent is a visual representation tool implemented in
the graphical user interface. Proper visualization tools
include most commonly bar charts, line graphs, tables,
timelines, circular progress bars, pie charts, histo-
grams, network graphs, or boxplots [32, 36, 35]. For
instance, Ramaswami [36] facilitates the deployment
through Power Bl services. Concerning the dashboard,
not only a single-page overview but also the integra-
tion of smaller widgets during the learning process are
useful [35]. The third component is the application of
statistical methods to calculate key performance indi-
cators and other performance scores. This includes the
use of Machine Learning algorithms for pattern extrac-
tion and classification e.g., from historical use engage-
ment and learning behavior of previous student co-
horts [36]. In the same context, Volaric and Ljubic
[33] propose a fuzzy analytic hierarchy process to
evaluate trace attributes of learners during testing and
assess their domain knowledge.

4.2. Use case 2: Individualized Learning Con-
tent

A second important part of tailor-made learning
experiences is the individualization of content, learn-
ing paths and processes. Individualized learning con-
tent and learning paths enable learners to consume
customized knowledge. Based on the learner's past
learning data and the data of similar users, a recom-
mender system can recommend future content [38].
Content individualization is often accompanied by a
microlearning approach, which is the accumulation of
multiple small learning sequences [39].

Objectives. By identifying personal user prefer-
ences and domain knowledge, LA applications aim to
individualize knowledge content [5, 8, 40—44]. Match-
ing the recommended content to the learner’s prior
knowledge can improve learning effectiveness[43, 8].

Data Sources. Because we require information
about the learner’s preferences, data sources include
user learning data from the LMS, integrated develop-
ment environments, and users’ profile information [8].
Brinton et al. [44] also recommend including data on
the learner’s browsing behavior and clickstreams. Fur-
thermore, to assess the knowledge state of the learner,
the user's data on prior knowledge, test data, and the
learner's historical log information must be included
[45].

Interventions. To increase the learners’ enthusi-
asm and improve the learning effect, LA applications
suggest a personalized learning path to the user [40,
45]. Raman and Nedungadi [43] mention that the
adaption can comprise the format of learning content,
the order of content, and the navigation flow of the
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user. Brinton et al. [44] add that learning paths can be
adapted for improvements based on user feedback.
Moreover, the prediction of a user’s real-time
knowledge state enables the insertion of recommenda-
tion nudges for further content [40]. A different inter-
vention is the suggestion of interactive course materi-
als based on a user’s clickstream data [44].

Application. The use case includes the generation
of individualized learning paths based on learning be-
havior [45, 46] or learning content [40, 43, 5]. In gen-
eral, some authors execute the individualization of
learning paths on the web environment, whereas oth-
ers focus on describing the algorithms used for the in-
dividualization. For instance, Kardan and Speily [40]
ground their individualized content on an open LMS
that can include and update suitable learning contents
from web sources (use filtering algorithms to include
only relevant and up-to-date sources). Hence, Na et al.
and Samia and Abdelkrim [46, 42] use an adaptive e-
learning hypermedia system for tailoring content to a
learner’s objectives, learning type, knowledge state,
and personal interests. Commonly used LA methods
for the assimilation of learning content include clus-
tering, recommendation, and optimization algorithms.
These different methods are not exclusive, but can also
be combined in the use cases [44]. One approach of
clustering is an analysis based on a learning behavior
similarity calculation method (e.g., Kull-back-Leibler
divergence matrix) with comparable learning types
[45]. Recommender systems calculate content similar
to user’s preferences and then recommend an appro-
priate content list [42, 5, 44]. To state an example, Na
et al. [42] apply a recommendation algorithm based on
knowledge representation. Besides, Huang and Lu [5]
compare typical recommender systems like collabora-
tive filtering, content-based, or knowledge-based rec-
ommendation algorithms for the individualization of
the learning path. For the application of optimization
methods, Govindarajan [8] uses a parallel particle
swarm optimization mechanism for the analysis and
prediction of adapted learning paths based on profi-
ciency.

4.3. Use case 3: Individualized Tutoring

A key aspect of learning is engaging learners to
stimulate high attention and motivation. In traditional
classroom settings, instructors can interact with learn-
ers and tutor them one-on-one, if needed. This is not
possible in digital education, especially in environ-
ments where content is provided on-demand. Thus, in-
structors or learning facilitators in the past had to con-
sider and map every possible path through the learning
content to anticipate optimal learning paths [47]. To-

day Al applications (or humanoid robots [48]) facili-
tate this process automatically and adapt to the learn-
er's need [47] based on data traces [49]. We call these
applications intelligent tutoring systems (ITS) de-
signed to individualize learning according to the learn-
er's needs and learning styles [48, 49].

Objectives. Through dynamical motivation, ITS
allow the learner to improve their learning experience
[50]. This is enabled by monitoring learner engage-
ment and deploying strategies to maintain attention
[48]. This monitoring occurs via the collection and
analysis of behavioral data that further complements
the learner model [51]. Preferably, the system is self-
learning and adapts incrementally to new data [52].
This allows the ITS to give direct feedback and aid the
learner [51, 53]. For instance, this can be achieved by
providing the learner with hints about a particular ex-
ercise they are working on [47]. Nonetheless, one cen-
tral component should not be neglected: emotions.
When considered, this changes an ITS to an affective
tutoring system (ATS). During learning, the emotional
state of the learner is captured through appropriate
emotion recognition channels so that the ATS can re-
solve any obstacles [54].

Data sources. As we investigate the general
structure of an ITS or ATS, the learner model repre-
sents an important part to successfully capture the de-
tails of the learner to attain the objective of individu-
alized tutoring [55]. Thus, it is the aim to capture data
and model this raw data [56]. To ensure intertemporal
comparisons, time data should be tracked [56]. Learn-
ers' actions are useful [56] and comprise interactions
between learner and content [51]. The learning data to-
gether with historical data [51], and administrative
data [47] can then be processed. Additionally, learning
styles of the learner [57], dynamic learning prefer-
ences, motivation states, learners preferences, and ca-
pabilities [53] are insightful for the intervention later
on. Moreover, self-assessment quiz-questions and
confidence in their answer [58] provide insights into
pre-existing knowledge [53, 47, 51, 57]. Data on the
frequency of use and duration of use or question an-
swering and task difficulty are also informative [47].

Interventions. Based on the learner model exec-
utive systems initiate action to guide the learner [47].
The feedback contains explicit information on what
mistakes have been made or how they could have been
avoided [59]. A variety of measures are applicable. In-
structions that explain step-by-step the wrong-doing,
or complementary tutorials based on the learning style
[59]. Also, individualized hints or nudges are interven-
tions that can guide the learner [57, 59, 50]. It may also
provide recommendations for group collaboration
based on the data [57]. If the system cannot provide
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sufficient service in-person tutoring sessions can be in-
itiated [60]. But also positive incentives through tro-
phies or badges pose an intervention to keep learners
engaged [57, 50]. Furthermore, physical communica-
tion via humanoid robots is possible to instruct and
motivate learners [54].

Application. Analysis of the data is necessary to
implement the appropriate interventions. Lian [53]
achieved this goal through a simple hierarchical model
in combination with a Bayesian student model and
rule-based models for actions based on Kolb’s theory.
Further, the Bayesian knowledge tracing model can
access learner’s knowledge and knowledge gain too
but also incorporates the decay of knowledge over
time [61]. The random forest classifier can estimate
the knowledge of learners at a low cost of training and
is relatively stable [58]. Also, deep adaptive resonance
theory networks combined with development learning
networks can handle the learner status, learning pref-
erence, and the learner experience [52]. Acting on data
planning and sequencing with the help of acyclic
graphs is feasible to accomplish an instructional goal
[47]. An interesting application is the use of natural
language processing as it allows to catch and evaluate
errors (e.g., grammatical or careless errors) made in
text-based tests [50]. A more complex Al application
is the prediction of user behavior through case-based
reasoning. Here, each learner can be seen as a case that
needs to reach a target case state that has been solved
in the past [56]. Hence, case-based reasoning is a suit-
able approach and aims to use past experience to solve
the new case [49]. In this regard, the method is more
successful if a sequence in the learning behavior is as
similar as possible when comparing the current use
case with past use cases, and can be done using the
inverse longest common subsequence measure [56].

4.4. Use case 4: Adaptive Learning Based on
Personality

An adaptation of the learning environment can
also support the learners. This is mainly about adapt-
ing the system to personal learning characteristics. In
research, different models are applied to distinct per-
sonal characteristics. Felder and Soloman [62] devel-
oped the VAK model to highlight visual, auditory, and
kinesthetic learning types. Kolb [63] distinguishes be-
tween anticipatory (acting and feeling), divergent
(feeling and observing), convergent (acting and think-
ing), and assimilative (observing and thinking) learn-
ing styles. Associations always exist between person-
ality types, learning types, and learning content in
online learning [64]. This means, for example, that ex-
troverts prefer learning through discussion and social
interaction. Accordingly, the personality of the learner

is often applied as a factor to individualize the learning
environment.

Objectives. This use case aims to tailor the user

experience and user interface to individual character-
istics of the learners to accommodate an optimal learn-
ing experience adapted to their learning [65, 66] and
thinking [66] styles. This can be done automatically
and manifest through the interaction with the system
[67, 11]. The goal is to gather information about the
personality and intelligence traits of the individual to
predict at-risk learners’ failure [68]. Likewise, we
need to understand the relationship between time spent
on training and personality to maximize learning time
[69].
Data sources. Data points utilized are age, gender, or
pre-knowledge [65]. The focus lies on capturing inter-
action, which comprises attendance, preview, discus-
sion, test, or review [67] as well as time to answer, idle
time, times of saving specific answers, and pre-ac-
cessed goal expectancy related to questions [69]. In
terms of personality traits, the NEO five-factor inven-
tory test (extraversion, neuroticism, conscientious-
ness, openness to experience, and agreeableness) was
used [68]. Likewise, the Big Five Inventory question-
naire for introversion and extraversion [11], extraver-
sion and conscientiousness [69] as well as openness to
experience and extraversion [67], are in use. Game
scenarios were used to collect the following traces:
time, confidence, activities, risk, number of friends,
color, gregariousness, and feeling. Tlili et al. [11] use
game scenarios to match personality through LA using
screen time, confidence, activities, risk-taking, social
interactions, and feelings. When we look into learning
styles the Felder-Silverman model questionnaire is
used (perception, processing, input, understanding)
[68]. As for learning personality, Elghali [66] uses his
questionnaire for his learner model. Merely Carro and
Sanchez-Horreo [68] use a primary mental abilities
questionnaire (verbal, spatial, and general reasoning)
to apprehend the intelligence of the learner.

Interventions. One possible intervention is the
adaption of the content and the sequence of content
[65, 46]. In addition, the recommendation of social ac-
tivities (individual or collaborative) based on the ana-
lyzed learner data is used to adapt the learning experi-
ence to the learning personality [68].

Application. Again, the basis is the learner
model. One application is fuzzy logic systems to imi-
tate human reasoning and model the learner accord-
ingly [65]. Elghali [66] uses a classification approach
with a multilayer perception algorithm and radial basis
function network algorithm to identify learning styles
[66]. Whereas Lai et al. [67] use an enhanced extended
nearest neighbor algorithm for the Big Five Personal-
ity (openness to experience and extraversion), Tlili et
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al. [11] use a Naive Bayes classifier (introversion and
extraversion), and Papamitsiou and Economides [69]
the method of partial least squares (extraversion and
conscientiousness).

5. Discussion and Conclusion

After assembling different LA applications, we
are confident that learning experiences on educational
learning platforms have the prospective to offer indi-
vidualized learning dashboards, individualized learn-
ing processes, intelligent tutoring, and adapt learning
environment to personality. Considering the challenge
of information overload accompanied by an increasing
need for organizational training, tailoring content can
improve learning effectiveness [5]. Due to individual-
ized learning, platform users are finally able to study
smarter, not harder. Simultaneously, there is also a
lasting impact for the organization through savings of
time and money, as well as a growing motivation and
satisfaction of learners. After conducting our system-
atic analysis through the application of the criteria of
Seufert et al. [26], we observe that not all of the di-
mensions are included in the use cases identified in the
literature. Regarding the four dimensions, often expla-
nations on interventions are missing within the litera-
ture base. However, Clow [23] argues that the direct
impact on the learner is the most relevant part of LA
application. Only if the end-user is directly addressed
to improve learning effectiveness and behavior, the
value creation process for the organization takes place.
We recognized that usability testing can be a valuable
approach to ensure and test interventions from tech-
nical and pedagogical perspectives (e.g., [34, 37, 70]).

While reassessing our results, we concluded that
a holistic point of view and implementation of LA ap-
proaches on the digital education platform is inevita-
ble. We, therefore, propose the expansion of the tradi-
tionally used term “LMS” into “Learning Experience
Platform” or LXP, which aims to comprise a fully in-
dividualized learning experience for the user. This
evolution requires also APIs to enable the inclusion of
other data sources and platforms but more importantly
interoperable standards (e.g., XAPI and cmi5) to get a
complete picture of the learner on the way to a holistic
individualized experience [32]. Thus, it also requires
methods to tackle the resulting data variety in the tech-
nical application of the LXP. In this context, also data
security and regulation must be discussed for the wide-
spread implementation of LXPs.

Our research study is not without certain limita-
tions. First, we focused the individualized learning ex-
perience use cases only on the learner as a platform
stakeholder to analyze direct value creation in their
learning processes. However, educational platforms

cover many stakeholders (e.g., teachers or instructors,
their institutions, and organizations), which are ex-
cluded in this study. Second, extending the use case
sample could widen the research scope and increase
the generalizability (e.g., upcoming topics like the in-
tegration of sentimental analysis, virtual and aug-
mented reality, or smart personal assistants in the
learning process).

Further research is necessary to engage in the in-
terconnectivity and symbiosis of individualized learn-
ing experience use cases to create a systematic and ho-
listic digital LXP to study smarter. We suggest that a
beneficial approach of LA applications should com-
bine the detailed technical application aligned with the
pedagogical perspective to design useful learning in-
terventions to create tailor-made online learning expe-
riences.
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