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Abstract—Learning technologies enable interventions in the
learning process aiming to improve learning. Learning analytics
provides such interventions based on analysis of learner data,
which are believed to have beneficial effects on both learning and
the learning environment. Literature reporting on the effects of
learning analytics interventions on learning allows us to assess in
what way learning analytics improves learning. No standard set of
operational definitions for learning affected by learning analytics
interventions is available. We performed a systematic literature
review of 1932 search hits, which yielded 62 key studies. We
analyzed how affected learning was operationalized in these key
studies and classified operational definitions into three categories:
1) learning environment; 2) learning process; and 3) learning
outcome. A deepening analysis yielded a refined classification
scheme with 11 subcategories. Most of the analyzed studies relate to
either learning outcome or learning process. Only nine of the key
studies relate to more than one category. Given the complex nature
of applying learning analytics interventions in practice, measuring
the effects on a wider spectrum of aspects can givemore insight into
the workings of learning analytics interventions on the different
actors, processes, and outcomes involved. Based on the results of
our review, we recommend making deliberate decisions on the
(multiple) aspects of learning one tries to improve by applying
learning analytics. Our refined classification with examples of
operational definitions may help both academics and practitioners
doing so, as it allows for a more structured, grounded, and
comparable positioning of learning analytics benefits.

Index Terms—Learning analytics interventions, learning
metrics, operationalization, systematic literature review.

I. INTRODUCTION

LEARNING technologies enable interventions in the learn-

ing process aiming to improve learning. Whenever such

technologies are based on analytics of data on learners, the

learning process and/or the learning environment, we speak of

learning analytics.

Learning analytics is commonly defined as “the measure-

ment, collection, analysis, and reporting of data about learners

and their contexts, for the purposes of understanding and opti-

mizing learning and the environments in which it occurs” [1].

Interventions in the learning process based on data from that

process are believed to have beneficial effects on learning and

the learning environment. These interventions are an impor-

tant step that “closes the loop” in the cyclic learning analytics

process [2].

The largest challenge for learning analytics research and

practice is to find out which types of interventions have a

positive impact on learning [3]. In his comprehensive book

on the field of learning analytics, Sclater [4] dedicated a

chapter to interventions, with a focus on human-mediated

interventions taken directly with learners while learning is

taking place. He concludes that there is relatively little

knowledge on how these interventions can be performed

effectively, even though it is a vital part of the process to

provide analytics that enable actions with a beneficial impact

on learners [4].

These beneficial effects are increasingly subject of study [5]–

[9]. These studies all support that there are relatively few stud-

ies that report on human-mediated interventions taking place

directly in the learning process (at the microlevel), and there is

little evidence available on the desired improvement of learn-

ing. Several recent studies call for more (longitudinal) empiri-

cal research in authentic settings as well as for a more

systematic comparison of learning analytics interventions [5],

[6], [8], [10]. To systematically design, implement, and evalu-

ate learning analytics interventions, it is important to know

how to measure the intended improvement of learning. Central

to this article is the concept of “affected learning,” which

denotes the observable change in learning caused by learning

analytics interventions. A shared, transparent, and tested set of

operational definitions for learning affected by learning analyt-

ics interventions is also crucial to enable comparison and gen-

eralization of studies on learning analytics interventions—and

learning technologies in general—and eventually metastudies

on effect sizes.
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In this article, we study what operational definitions for

affected learning can be identified in the existing literature on

learning analytics interventions. We conduct a systematic lit-

erature review in order to provide an answer to the research

question: In what way does existing literature on learning ana-

lytics interventions operationalize affected learning?

We structure the results of our study based on a high level

preliminary classification scheme derived from learning the-

ory. This classification scheme is subsequently refined in the

analysis phase of the review. Our research supports both aca-

demics and practitioners in their work as it provides a refined

classification scheme for operationalizing affected learning

and actual operational definitions of affected learning which

can be used to measure and compare the intended benefits of

learning analytics interventions on learning. We structure the

remainder of this article as follows. First, we provide an over-

view of the background of the study and related reviews from

the field. We then describe the methodology, followed by an

elaboration on the analysis and results. Finally, we provide

recommendations for future research and discuss the limita-

tions of this article.

II. BACKGROUND

In this section, we give an overview of learning analytics

interventions and recent reviews of the learning analytics field.

Furthermore, we introduce a preliminary classification scheme

which we use for the analysis in this review.

A. Learning Analytics and Learning Analytics Interventions

The Learning Analytics Cycle [2] describes the process of

turning data into action and involves four steps: 1) learners gen-

erate data; 2) the infrastructure captures, collects, and stores

this data; 3) the collected data are analyzed and visualized; and

4) feeding back these analytics and/or visualizations to stake-

holders, such as learners and teachers. Such a learning analytics

intervention is needed in order for learning analytics to have

effect on learners. Learning analytics interventions can be

defined as “the surrounding frame of activity through which

analytic tools, data, and reports are taken up and used” [11].

These interventions can have a wide variety of appearances,

e.g., automated visualizations of students’ progress in the form

of learning analytics dashboards [10], early warning systems

for educators to identify students at risk [12], supporting adap-

tive learning pathways [13], and goal-setting recommendations

based on labor market data analytics [14]. Learning analytics

interventions are not restricted to formal educational settings,

however, the number of studies in the context of nonformal or

workplace learning is very limited [10], [15]. Examples of

changes in the learning process achieved by these interventions

are personalization of learning, enhanced instructor support of

learners, or improvement of curricula [4], [16]. The effective-

ness of learning analytics can be enhanced by increasing the

speed of delivery of learning analytics interventions (e.g., real-

time feedback to learners and teachers) [2].

In the definition of learning analytics, the goal described is

twofold; we aim to understand and optimize learning [1].

Learning analytics takes place at the microlevel within educa-

tional institutes, so the focus is on the learner and its surround-

ings [17]. In this article, we focus on studies in which learning

analytics interventions have been performed, in authentic set-

tings, and empirically evaluated with respect to learning-

related constructs. Studies in which, for instance, (advanced)

analytics have been performed on learning data to measure

the effects of a new instructional strategy or course design

do not fall into our scope, since no “data-driven intervention”

is performed.

B. Recent Reviews

In recent years, the number of (systematic) reviews of the

learning analytics field is increasing rapidly. One of the first sys-

tematic reviews of learning analytics literature classifies studies

by learning setting, analysis method, and research objectives

[18]. That study shows that learning analytics uses a wide vari-

ety of techniques and is not limited to only virtual learning envi-

ronments (VLEs), but can also be applied on, among others,

web-based education, social learning, and cognitive tutors. The

objectives of the studies are diverse and include, e.g., student

behavior modeling, prediction of performance, prediction of

dropout and retention, recommendation of resources, and

increased (self-) reflection and (self-) awareness.

The learning analytics field is relatively young but steadily

maturing, which is also noticeable in the increasing attention

that is given to the evidence-based character of the field.

Recently, Ferguson and Clow [5] analyzed the evidence in the

LACE Evidence Hub [19] and they conclude that there is con-

siderable scope for improving the evidence base for learning

analytics. Among other aspects, they suggest paying more

attention to the cyclic nature of learning analytics (closing the

cycle) and to the validity, reliability, and generalizability of

learning analytics research.

In 2017, Schwendimann et al. [10] presented a systematic

literature review of research on learning dashboards. Based on

their review, they define a learning dashboard as “a single dis-

play that aggregates different indicators about learner(s),

learning process(es) and/or learning context(s) into one or

multiple visualizations” [10], clearly distinguishing dash-

boards from visualizations based on a single indicator. Inter-

estingly, the indicators used in the dashboards in 60% of the

papers included in the review were gathered from authentic

educational situations, whereas merely 29% of the included

studies actually evaluated the dashboard in such situations. Of

all 55 analyzed papers, only four evaluated the impact of the

dashboard on learning, whereas most others evaluated other

aspects, such as usability and user satisfaction. Based on the

results from their review, the authors conclude that large-scale

studies on adoption and learning impact of dashboards are

important yet underexplored. Schwendimann et al. also

observe a lack of comparative studies in the field, partly due

to “a lack of widely-accepted, specific evaluation constructs,

beyond general ones like usability and usefulness” [10]. In

this article, we aim to support the development of a set of

operational definitions for the construct of affected learning.
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Mangaroska and Giannakos [7] performed a systematic liter-

ature review on how learning analytics have been used to

inform learning design. They aimed to gain insights on the

intersection of these two research fields rather than the individ-

ual disciplines. The authors emphasize the need for actionable

insights from learning analytics, i.e., data-driven interventions

fed back to stakeholders in the learning process; thereby, closing

the learning analytics loop effectively. Out of the 43 analyzed

papers, just four reported learning analytics integrated into a

learning environment providing real-time feedback. In their dis-

cussion, Mangaroska and Giannakos state that researchers

should “know what data to collect in order to understand

whether certain learning processes are activated, and what

learning outcomes are associated with what design decisions”

[7] and they urge learning analytics researchers to “evaluate and

denote student learning outcomes, or any other learning-related

constructs” [7].

Several recent systematic literature reviews focus on higher

education as a specific educational context for learning analyt-

ics [6], [8].

Viberg et al. [8] performed a comprehensive review of 252

papers on learning analytics in higher education, analyzing the

research approaches, methods, and evidence for learning ana-

lytics. With respect to the latter, they examined evidence for

propositions 1 and 2 from Ferguson and Clow [5].

1) Learning analytics improve learning outcomes.

2) Learning analytics improve learning support and teaching.

They found that only 9% of the studies reported on evidence

for proposition 1 and 35% found evidence for proposition 2.

Interestingly, they include studies in their review, such as

Guarcello et al. [20] and Ga�sevi�c et al. [21], which both study

an instructional approach (supplemental instruction and grad-

ing self-reflection video annotations, respectively) and apply

advanced analytics to assess the effects of such an instruc-

tional approach rigorously. Viberg et al. include these studies

as evidence for improvement of student outcomes by learning

analytics, whereas they both fall outside our definition of

learning analytics interventions, since the instructional inter-

ventions themselves were not based on data analytics.

Sønderlund et al. [6] performed a systematic literature

review specifically aimed at studying the effectiveness of

learning analytics interventions based on predictive models.

From 689 papers, merely 11 studies reported on an evaluation

of the effectiveness of such interventions. They conclude their

review emphasizing the need for a solid knowledge base on

the feasibility, effectiveness, and generalizability of the imple-

mentation and evaluation of learning analytics interventions.

In order to replicate experiments, and to compare and general-

ize obtained results, we need to be transparent in the (opera-

tional) variables we use to measure the impact of learning

analytics interventions on learning.

Most recently,Wong and Li [22] presented a review of 24 case

studies of learning analytics interventions in higher education,

analyzing objectives, data sources, intervention methods,

obtained outcomes, and observed challenges. The review of

these case studies suggests that learning analytics interventions

have the potential for a broad application in terms of various

purposes, as well as different learning contexts within higher

education. Wong and Li conclude that to fulfill the recognized

potential of learning analytics interventions, “more studies on

empirical evidence, evenwith null or negative results, are needed

to support its long-term effectiveness and sustainability” [22].

The previously mentioned studies note the importance to

evaluate the effects of learning analytics based on learning con-

structs. In this article, we analyze in what way the effects on

learning of learning analytics interventions (in all learning con-

texts) are measured by selecting key studies which report on

empirical, quantitative results of the application of learning

analytics interventions at the microlevel in the learning process

in an authentic context. The outcome of this article is a classifi-

cation scheme for constructs related to affected learning—with

their operationalization—so in future research the effects of

learning analytics on learning can be described comparably.

C. Preliminary Classification of Affected Learning

To evaluate the effects of learning analytics interven-

tions on learning, the difference in learning caused by the

provided intervention should be measured. This raises the fun-

damental question in what way(s) learning can be measured.

Joksimovi�c et al. [23] recently explored how learning is mod-

eled in the MOOC research. They present a framework specifi-

cally suitable for open online contexts with a focus on student

engagement. Along similar lines, we aim to analyze how learn-

ing-related constructs are operationalized in research on learn-

ing analytics interventions in all learning contexts (K-12,

higher education, MOOCs, and the workplace).

Learning can either be described as a process or as the out-

come of this process: a (relatively permanent) change in a per-

son’s behavior, knowledge and/or skills [24]. Not all learning

theories award the same weight to both process and result. For

example, the experiential learning theory by Kolb has a prefer-

ence for a process-focused view: “learning is best conceived as

a process, not in terms of outcomes” [25]. Behaviorism focuses

mainly on learning outcomes, cognitivism made a shift toward

taking the (cognitive) process more into account, whereas con-

structivism focuses mainly on the learning process [26].

This process-product duality is also present in the well-

established 3P model of teaching and learning [27]. The frame-

work on MOOC learning by Joksimovi�c et al. [23] also distin-

guishes process and product, while adding a third category of

learning-related constructs: learning contexts. The context in

which learning takes place is also present in the 3P model in the

factor Presage—Teaching context [27]. We argue that learning

context should be an important aspect in research on learning

analytics interventions, since the most commonly used learning

analytics definition states we aim to optimize not only learning

itself but also “the environments in which it occurs” [1].

Based on the discussion above, and in line with Joksimovi�c
et al. [23], we now discern three categories that we will use to

classify operational definitions of learning affected by learning

analytics interventions: 1) learning environment; 2) learning

process; and 3) learning outcome. The 3P model not only descr-

ibes the factors of learning (Presage-Process-Product), but also
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the relations between the factors and reciprocal influences. Our

high level, preliminary classification scheme with categories, as

well as their relations according to the 3P model, is shown in

Fig. 1. During the analysis of our review, we will refine this

scheme using the identified operational definitions.

III. METHODOLOGY

In this section, we provide a detailed description of the

method used for our systematic literature review. The applied

method in this literature review builds on other systematic liter-

ature reviews in the learning analytics domain (cf., [15], [16],

[18], [28]). In this article, we aim to provide an answer to the

following research question: In what way does existing litera-

ture on learning analytics interventions operationalize affected

learning?

A. Literature Sources

During the literature review, papers from seven different

databases are sourced as follows.

1) Learning analytics and knowledge (LAK) is the main

conference in the learning analytics field. Organized for

the first time in 2011, it produced an extensive amount

of proceeding papers ever since. In this article, we

include the LAK conference proceeding papers.

2) IEEE Xplore is a technical-oriented database and con-

tains papers related to, among others, computer science.

3) SpringerLink is the Springer’s online collection of sci-

entific, technological, and medical journals, books and

reference works.

4) The Association for Computing Machinery database is a

large, comprehensive database focused on computing,

and information technology.

5) ScienceDirect is Elsevier’s information solution for

researchers and includes over 3800 journals.

6) The Education Resources Information Center database

is focused on educational literature and resources.

7) Learning Analytics Community Exchange (LACE) was

a European Union funded project and one of the project

aims was to collect evidence of the effects learning ana-

lytics have on education. In this article, we include

papers which relate to the proposition “Learning analyt-

ics improve learning outcomes” [19].

B. Search Terms

To search the aforementioned databases for literature

related to operational definitions of affected learning, different

search terms are used. The search terms are formulated based

on a priori analysis of relevant papers. Generally, the search

includes the terms “learning analytics” AND student� AND

(achievement OR “student learning” OR “learning goal” OR

“learning outcome” OR performance OR “student success”).

When allowed for by the search engine, we specifically search

the abstracts for student1 and (“learning analytics”) to ensure

we get learning analytics-related articles.

C. Selection of Papers and Inclusion Criteria

The aim of this article is to identify operational definitions of

learning affected by learning analytics interventions in an

authentic context. We, therefore, focus on quantitative studies,

as they provide us with actual metrics of learning, which can be

calculated and compared in a standardized way. With this

approach, we follow Joksimovi�c et al. [23]. We concur with

them that qualitative studies are fundamentally different in the

way evaluation results are presented, which are worth of a sepa-

rate literature review, potentially yield complementary insights,

e.g., thick descriptions of the constructs, variables, and opera-

tional definitions we find in our review. The inclusion and

exclusion criteria we used in this article are listed in Table I.

From the papers found in the previous step, the title and

abstract are read to determine whether it meets the inclusion

criteria, or it should be excluded based on the exclusion cri-

teria. Papers clearly not meeting the criteria are dismissed. If

the abstract and title do not provide enough information to

make the selection, the article is scanned—especially the

method and result section—to make a better-informed deci-

sion. In a second round of selection, the qualifying papers

are entirely read and again gauged against our inclusion cri-

teria. To ensure the objectivity of the selection, a random

sample of ca. 10% of the retrieved full-texts was also han-

dled separately by a second researcher and the results were

discussed; interpretation of the selection criteria was cali-

brated. No conflicts were observed in the selection of key

studies by the two researchers. The key studies are all

included in the analysis phase of the review. From these

papers, we extracted and collected author(s), title and subti-

tle, year, educational context, learning analytics intervention,

research objectives, and operationalization of affected learn-

ing. These data synthesize the results of this article, as

described in the following section.

Fig. 1. High-level, preliminary classification scheme for operational defini-
tions of learning affected by learning analytics interventions.

TABLE I
INCLUSION AND EXCLUSION CRITERIA

1 is a wildcard for characters so that extended words can be included in the
search, e.g. student� can match search terms as students and studentship.
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IV. RESULTS

This section presents the results of our literature review.

From the 1932 hits on the search terms in the seven databases,

62 key studies meet the inclusion criteria (see Fig 2). A reten-

tion of just over 3% sounds rigid, however, other literature

reviews in the learning analytics domain show similar results

[6], [7], [15], [28]. This is also in line with the earlier state-

ment that researchers agree there are relatively few studies

reporting on human-mediated interventions taking place

directly in the learning process [5]–[9].

A. Descriptive View of Key Studies

This section provides a descriptive overview of the 62 result-

ing key studies. All studies with their descriptive attributes are

listed in Table II. To create this overview, we coded the key

studies based on several attributes, which are as follows.

1) Year: Year in which the study was published.

2) Country: Country in which the study was conducted.

3) Context: Educational context in which the study was

conducted.

4) Intervention Type: Category of the learning analytics

intervention used in the study.

5) Data Subject: The (role of the) person whose data was

collected, analyzed, and visualized in the intervention.

6) User: The user of the intervention, i.e., the (role of the)

person that had access to the learning analytics inter-

vention and could act upon this intervention in the

learning process.

7) Research Objective: Goal of the key study, classified

according to the classification proposed by Papamitsiou

and Economides [18].

Since—to the best of our knowledge—no general accepted

classification method is available for learning analytics inter-

ventions, we synthesized the categories for Intervention Type

through open coding. Here, we adopted the proposed distinc-

tion between dashboards (consisting of visualization(s) of

multiple indicators) and visualizations (based on a single indi-

cator) [10]. Whenever information was presented to learners

in a different form than visualization (e.g., plain numerical

information), we coded this intervention as Information for

Learner. Three intervention types may seem somewhat simi-

lar: 1) information for teacher (IT); 2) message from teacher

to learner (MT); and 3) learner support (LS). The difference

is, that in type IT the intervention is passive, in the sense that

information is presented to teachers (e.g., exercise completion

rates for all students), whereas in intervention type MT, the

teacher is supported by the intervention to actively reach out

to students, e.g., to notify students at risk. In intervention type

LS, the learning analytics intervention helped inform other

ways of learner support, e.g., through academic advisors.

First, we analyzed the educational context of the key stud-

ies. More than half of the studies describe learning analytics

interventions in higher education (38), followed by K12 edu-

cation (15) with only a handful of other educational contexts

(see Fig. 3).

Second, we analyzed the number of studies per year; see

Fig. 4. We see that since 2015, the number of studies meeting

our inclusion criteria has been approximately ten studies per

year. In the first five months of 2019, this number is already 11,

which gives hope of an even larger number of this type of study

in the whole of 2019. We can conclude that the number of stud-

ies in which the effects on learning of learning analytics efforts

are being analyzed empirically and quantitatively has increased

since 2012.

B. Classifying Key Studies Based on Affected Learning

Using the preliminary classification scheme, we now clas-

sify the key studies based on the different categories of

affected learning, i.e., learning environment, learning process,

and learning outcome. To this aim, we searched the text of the

key studies for description of what was measured exactly in

order to analyze the effects on learning of the intervention dis-

cussed in that particular study.

We find that 53 out of 62 studies describe operational defi-

nitions that fit into a single category of our classification

scheme. In Table III, we give an overview of these single-cate-

gory studies per category per year. We observe that learning

outcome is by far the largest category, followed by learning

process. Learning environment is the smallest category with

only seven single-category key studies.

Nine key studies contain operational definitions relating to

more than one category. Table IV gives an overview of the

number of cross-categorical key studies per year. The most

occurring combination of categories is learning process and

learning outcome with eight key studies, while the number of

studies in this category combination is also increasing over the

years. We observe that not a single key study includes opera-

tional definitions of affected learning in all three categories.

Fig. 2. Search process results.
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TABLE II
DESCRIPTIVE OVERVIEW OF KEY STUDIES
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C. Classification in Relation to Research Objective

We also quantitatively investigated the relation between the

classification of key studies and the respective research objec-

tives according to the classification of Papamitsiou and Econo-

mides [18] (see Table V). Note that in this table, we included

all combinations of classifications and research objectives to

get a complete overview, i.e., if a key study relates to more

than one category from our classification scheme or has more

than one research objective, we counted all combinations. At

first glance, the results do not look surprising; for example,

key studies that measure affected learning in the category

learning environment mostly aim to improve assessment and

feedback services, while studies that aim to predict perfor-

mance usually operationalize affected learning in the category

learning outcome.

However, it might actually not be that straightforward. Con-

sider those studies in which the research objective is prediction

of performance. In only two out of nine key studies, the learner

is the user of the intervention [32], [41], while in the other

seven studies, the learning analytics intervention has teachers

as target users. Equipping teachers with a learning analytics

tool might be an indication that we are in fact trying to inter-

vene on aspects of learning in the category learning enviro-

nment, with the ultimate goal of increasing learning outcome.

Context: primary/secondary school (K12), higher education (HE), massive open online course (MOOC), workplace (W).

Intervention type: automated feedback (AF), dashboard (D), information for learner (IL), information for teacher (IT), message from teacher to learner (MT),
personalization of course materials (PC), learner support (LS), visualization (V), other (O).

Data subject (whose data is collected?): employee (E), student (S), simulated student (SS), teacher in the role of learner or employee (T(L))

User (who uses the intervention?): academic advisor (AA), learner (L), syllabus developer (SD), teacher (T), teacher in learner role (T(L)), unknown (U).

Research objective (according to classification of [18]): improve assessment & feedback services (IA), increase (self) reflection and (self) awareness (IR), prediction
of dropout and retention (PD), prediction of performance (PP), recommendation of resources (RR), student behavior modeling (SB).
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In this chain of reasoning, we might need to consider measuring

both the intermediate and the ultimate effects of our interven-

tions by incorporating operational definitions from multiple

categories in our studies.

D. Analysis and Refinement of the Classification Scheme

In this section, we analyze the retrieved operational defini-

tions for each of the three categories of the preliminary classi-

fication scheme. We distilled subcategories through iterative

open coding until convergence occurred, which we also link

to relevant literature.

1) Learning Environment: Although the optimization of

the learning environment is explicitly mentioned in the com-

monly accepted definition of learning analytics [1], with only

eight key studies this category is the smallest within our

research. We found nine different operational definitions in

this category, out of which we distilled three subcategories: 1)

teacher awareness; 2) teacher productivity; and 3) learning

materials.

Teacher awareness relates to operational definitions such as

detection, attention, and interaction by teachers [36], [42],

[45], [71], [85]. Schwendimann et al. also mention “teacher

awareness (of students)” as a construct for the evaluation of

learning analytics dashboard [10]. Teacher productivity relates

both to efficiency and effectiveness: operational definitions in

this subcategory include, e.g., the number of messages a

teacher sends [36], [42], the time it takes a teacher to respond

or assess time [40], [85] and the quality of assessment by a

teacher [85], [87]. We also recognize this subcategory in a pre-

vious review, that identifies “productivity and effectiveness in

teaching” as an outcome of learning analytics interventions

[22]. A single key study does not fit into the abovementioned

subcategories: Smolin and Butakov [30] used an operational

definition related to the quality/suitability of learning materi-

als. We, therefore, also include the subcategory Learning

materials in our refined classification scheme. Considering the

common learning analytics research goal “recommendation of

resources” [18], we may expect more operational definitions

in this subcategory in further research.

Fig. 3. Number of key studies per educational context.

TABLE III
SINGLE-CATEGORY KEY STUDIES PER CATEGORY PER YEAR

TABLE IV
CROSS-CATEGORY STUDIES PER CATEGORY SET PER YEAR

TABLE V
CLASSIFICATION OF KEY STUDIES RELATED TO RESEARCH OBJECTIVE

Fig. 4. Number of key studies per year.
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2) Learning Process: The learning process relates to learn-

ing activity-focused activities. We found a total of 21 key

studies that measured to what extent different aspects of the

learning process were affected by learning analytics interven-

tions. We found 14 different operational definitions, from

which we distilled five subcategories: 1) learner awareness;

2) learner productivity; 3) self-regulated learning; 4) engage-

ment; and 5) online activity and behavior.

The first two subcategories are similar to the first two subca-

tegories in learning environment; here the focus is on the

learner instead of the teacher. Examples of operational defini-

tions for learner awareness are plagiarized post ratios [38]

and making predictions about grades by students [41]. Exam-

ples of operational definitions for learner productivity are

study time, practice time, number of exercises made [48],

[67], and time spent on solving questions [54]. We recognize

these two subcategories in the earlier discussed reviews:

“awareness of students by [..]other peers” [10], and “enhanced

productivity/effectiveness in learning” [22].

We also found three key studies using operational definitions

related to self-regulated learning (SRL). SRL has three impor-

tant characteristics: 1) self-observation; 2) self-judgment; and 3)

self-reactions [90]. Operational definitions in this subcategory

include pre and postquestionnaire scores on the self-assessment

and the application of SRL [46], [59] and the use of metacogni-

tive tools [47]. SRL skills also can be the intended learning out-

come of a learning process (see the discussion of the category

learning outcome in the following section). In this subcategory,

the focus is ON (evidence for) the application of SRL in the learn-

ing process. Measuring SRL is not straightforward; it is also

argued that the measurement of SRL is intertwined with the

intervention based on this measurement [91].

Engagement of learners is increasingly used as a measure of

success of educational institutions [92]. Noticeable is the fact

that in the 3P model, an affective learning outcome is involve-

ment, which has a strong relation to engagement and the learning

process.We decide to make engagement a subcategory of learn-

ing process—in which we follow Joksimovi�c et al. [23]—how-

ever, we also recognize an ongoing discussion in the field on

engagement, how to model, operationalize, and measure this

construct [92], [93]. Examples of operational definitions we

found in our review that relate to engagement are social interac-

tions [44], [72], [78] and emotional changes [80]. We believe

this is only a limited view of the complex construct of engage-

ment; many other operational definitions of engagement are

available. Joksimovi�c et al. provide metrics for, e.g., academic,

behavioral, cognitive, and affective engagement [23].

Finally, we decided to separate the two subcategories

engagement and online activity and behavior, even though the

latter is often used as a proxy for the former. We found a set

of operational definitions in online activity and behavior such

as event count [60], frequency of accessing the LMS [80],

[87], quantity and/or quality of discussion board posts [52],

[74], [76]–[79], and the use of note-taking functionality [71].

Measures of activity in a VLE or an LMS are also mentioned

in many recent reviews as operational definitions of affected

learning [6], [8], [10], [22]. Engagement can be measured in

much more diverse ways than simple event counts, and we

hope to emphasize this by separating these two subcategories

in our refined classification scheme.

3) Learning Outcome: Containing 42 key studies, this last

category is by far the largest in our research. We found 14 dif-

ferent operational definitions in this category, which we

grouped into three subcategories: 1) knowledge and skills; 2)

learning gain; and 3) retention and dropout. The first two sub-

categories are more focused on individual learners (at the

course level), whereas the third relates to larger groups of

learners (at the department level). In many of the key studies,

we found concepts such as academic performance, academic

achievement, and academic success. We argue that these con-

cepts are too abstract for the transparent evaluation of learning

analytics interventions (and for learning technologies in gen-

eral), hence we used more explicitly named subcategories.

A learner can demonstrate the acquisition of knowledge and

skills as a product of their learning process. Most key studies

in this category operationalize affected learning through

grades or test scores or scores [29], [33]–[35], [37], [49], [50],

[53], [54], [57], [61], [63], [67]–[70], [74]–[76], which is a

direct assessment of learning as performance on a task (e.g.,

an exam or final test) [94]. Although grades may seem to be a

direct operational definition, this is debatable. Grades can be

regarded as a proxy for learning, as they often comprise a

combination of learning outcomes or include nonrelated cor-

rections like extra credits for certain activities [95]. Other

operational definitions might capture knowledge and skills

more directly, such as the quality of an artefact created by the

learner [39], [77]. Remarkably, some of the key studies claim

to affect aspects which one would expect in one of the other

categories—e.g., saving time for teachers in monitoring the

progress of the learning process of students [69] but the opera-

tional definitions actually fall in the learning outcome cate-

gory (e.g., grades or scores). That is, the product or outcome

of the learning process is measured rather than the actions per-

formed during this learning process or in the learning environ-

ment. Moreover, we observe that in some studies, researchers

wish to improve higher order learning outcomes, such as self-

regulated learning skills [32], [61]. Since these higher order

skills are metacognitive and difficult—if not impossible—to

measure, these researchers presumably chose to measure the

effects in grades or test scores instead.

Knowledge and skills and the second subcategory learning

gain are closely related; we separated them because the former

relates to absolute operational definitions (such as grades) and

the latter relates to relative operational definitions (such as the

difference between pre- and a posttests [43], [58]), emphasizing

the difference in learning a learner has achieved. The concept of

learning gain captures the idea that learning is visible through a

change over time in a learner’s behavior, attitude, and/or knowl-

edge. There is no standard definition, conceptualization, or mea-

surement (instrument) to assess learning gain; a conceptual

framework with a set of measurement tools is currently being

developed for English higher educational institutes [96]. In the

conceptual framework proposed in [96], a distinction is made

between four components (cognitive, metacognitive, affective,
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and socio-communicative) and three cross-cutting dimensions

(view of knowledge and learning, research attitude, and moral

reasoning).

The final subcategory is retention and dropout, which

relates to larger groups of learners and captures “academic

persistence” in terms of, e.g., withdrawal rates and absence

[12], [31], [34], [64], student retention [62], [65], and reregis-

tration rates [33]. Siemens & Long [97] distinguish between

learning analytics at course level and departmental level.

Departmental variables may consider a more long-term effect

of learning analytics, which has been posed as an important

feature of future learning analytics research [9].

The above synthesis leads us to the refined classification

scheme of Fig 5. We use this refined classification scheme to

give an overview of all operational definitions identified in the

key studies of this review (see Table VI).

V. DISCUSSION

The aim of this article was to provide an answer to the

research question: In what way does existing literature on

learning analytics interventions operationalize affected learn-

ing? The first conclusion is that, from 1932 search hits on

learning analytics, only 62 describe quantitative, measurable

effects of complete learning analytics cycles in authentic

learning context. This is a noticeable shortcoming and in line

with previous research that concluded that not enough studies

make a connection to the next stage of the learning analytics

cycle, i.e., “not enough published work is making clear how

the move will be made from researching the data to optimizing

the learning” [5]. As we gathered evidence from a wide range

of scientific databases, this article thoroughly underpins their

conclusion, which was based on only those studies that were

included in the LACE Evidence Hub. We concur with the con-

clusions of several other reviews in the field that the number of

studies providing evidence for the (positive) impact of learn-

ing analytics on learning currently is low [8], [10], [22].

By analyzing these 62 key studies, we identified different

operational definitions of learning which can be affected with

learning analytics interventions. The operational definitions

are positioned according to a classification scheme with three

categories and eleven subcategories: 1) learning environment;

2) learning process; and 3) learning outcome. This article

facilitates improved positioning of empirical research on

learning analytics interventions based on concrete operational

definitions, which, in turn, helps us to better compare and gen-

eralize studies. We hope to advance the field in this respect,

motivated by recent calls for (the use of) a standard set of con-

structs evaluating the impact of learning analytics studies [6],

[7], [10]. Our classification scheme with suggestions for oper-

ationalization could be used in conjunction with a framework

for systematic development, implementation, and evaluation

of learning analytics interventions [3]. Our results can also be

used in the evaluation of learning technologies in general,

since the impact on learning can be measured similarly for

other technologies.

This systematic literature review shows that key studies

mostly relate to the following two subcategories: 1) learning

process—online activity and behavior; and 2) learning out-

come—knowledge and skills. This is not surprising, since

grades, test scores, and LMS log data are easily gathered.

Merely nine key studies report on operational definitions in

more than one category, even though cross-categorical learning

analytics provide a better, multiperspective view on learning.

The need for multidimensional metrics for learning is supported

by Joksimovi�c et al. [23]. Moreover, given the complex nature

of applying learning analytics interventions in practice, measur-

ing the effect of learning analytics interventions on a wider

spectrum of aspects can give more insight into their workings

on different actors and processes involved. We believe this is

not exclusively important for learning analytics research, but is

crucial in the development of learning technologies in general

because of the shared goal of optimizing learning through tech-

nological interventions. We observe that all cross-categorical

studies have appeared in the most recent years (since 2014),

which might be an indication that the need for this type of study

is increasingly acknowledged in the learning analytics field.

A. Recommendations

In order to justify the use of data analytics within educational

processes, the effects of learning analytics interventions on

learning must be clear and well defined. In a recent book chap-

ter, Wise [98] described the various pedagogical uses for which

learning analytics are used. All of them focuses on improving

either the learning process or the learning environment. It

makes sense to empirically evaluate whether learning analytics

efforts indeed have done so, by measuring effects of learning

analytics interventions on these particular aspects directly.

Finding the operational definition(s) of affected learning in

a research paper was not always straightforward; these opera-

tional definitions could be found in Section III, the analysis or

the result section. Often, the dependent variable of a study

would be named as an abstract construct in most of the article

(e.g., academic achievement or engagement), whereas the

concrete operational definition or measurement instrument

would only be mentioned explicitly once in the section, with-

out justification on why this specific operationalization was

adopted. We share this observation with Joksimovi�c et al.

[23], who state that a lack of specificity on used concepts and

measures posed a significant challenge for their article. We

recommend researchers to be clear and transparent throughout

the article on which operational definitions are used to mea-

sure learning affected by learning analytics interventions.

Fig. 5. Refined classification scheme for operational definitions of learning
affected by learning analytics interventions.
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Some of the papers we encountered during this article do

report on potential improvements gained by learning analytics

interventions, but do not quantify the actual effects by opera-

tionalizing and measuring affected learning. This is in line

with the observations from the review by Viberg et al. [8]. By

describing those effects, more evidence about the benefits of

learning analytics on education can be gathered, consequently

strengthening the field in general. We suggest the use of our

TABLE VI
OPERATIONAL DEFINITIONS OF AFFECTED LEARNING POSITIONED WITHIN OUR REFINED CLASSIFICATION SCHEME
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research outcomes for reporting on and comparing learning

analytics results in both research and practice. It is a first step to

be clear and transparent about the operational definitions and

measurement instruments we use in our empirical evaluations,

before the learning analytics field as a whole can standardize

these operational definitions in order to ultimately compare

effect sizes in the same way this is done in research fields with

a longer tradition such as medicine and psychology.

As mentioned before, grades can be regarded as a proxy for

learning. Recently, Guillot et al. [75] also concluded that

grades (alone) are no suitable way to operationalize the impact

of learning analytics systems. The problem that operationaliz-

ing affected learning results in shallow proxies for learning

extends well beyond grades, since the data that are available

to the researchers often limits which measurements can be

used; this need not be a huge problem, as long as researchers

are transparent on which operational definitions are used.

Rienties et al. gave a good example of such transparency: in

their study they state “LMS activity should only be regarded

as a proxy for student engagement in formal online activities,

as at this point in time the OU does not systematically collect

data about formal or informal offline activities” [99]. We

emphasized this perspective by separating the subcategories

engagement and online activity and behavior.

Moreover, we observe that higher order learning outcomes,

such as self-regulated learning skills, are difficult—if not

impossible—to operationalize and measure. Further research

could explore alternative operational definitions that fit the

higher order nature better than grades or test scores do.

Ga�sevi�c et al. [9] urged us to remember that “learning ana-

lytics are about learning.” In line with this statement, and

based on the outcomes of this article, we recommend learning

analytics researchers and educational institutes to move away

from mere performance-based evaluation of learning analytics

projects and include measurements related to learning pro-

cesses and learning environment as well, as that is also a core

objective of learning analytics [97]. Regardless of the domi-

nant learning theory within an institute, a more complete view

on learning is taken by adopting a multiperspective operation-

alization from more than one category of our classification

scheme.

B. Limitations

We used a classification scheme based on the 3P model—-in

line with the approach of Joksimovi�c et al. [23]—to categorize

the operational definitions we found. Other approaches to clas-

sify could lead to different insights, since a choice for a specific

classification scheme introduces a level of subjectivity. In rela-

tion to our category learning outcome, Viberg et al. [8] used

similar, but slightly different categories in their review of learn-

ing analytics evidence: knowledge acquisition, skill develop-

ment, and cognitive gain. Rienties et al. [3] proposed to

evaluate the impact of learning analytics interventions using

the attitude, behavior, and cognition model. Attitude and

behavior have the strongest relation with our category learning

process and cognition with learning outcome. However,

although cognition is often measured through summative

assessments, operational definitions also can incorporate more

formative learning activities, such as discussion forum activity

or blog postings [3].

Our goal was to systematically review in what way litera-

ture on learning analytics interventions operationalizes aff-

ected learning. In order to do so, we only included empirical,

quantitative results from the evaluation of learning analytics

interventions in this article in the same way Joksimivi�c et al.

did in their study on modeling learning in the MOOC

research [23]. However, several studies use tools, techniques,

or methods as an intervention, even though they do not rely

on data analytics itself. These papers then use data (analyt-

ics) to describe the effect the intervention has on learning.

Although this provides insight in the variables used to mea-

sure affected learning, these studies were disregarded as they

do not meet our inclusion criterion demanding interventions

based on learning analytics, which is an important step

within the learning analytics cycle and the focus of this arti-

cle. Furthermore, qualitative studies will probably yield com-

plementary, rich insights; we believe such studies are worth

of a separate literature review. Future research might adopt

broader inclusion criteria and extend the current findings

with a larger set of key studies, thereby enhancing our results

and identifying more and different operational definitions of

affected learning.
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