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Abstract

In this study, an intervention engine based on learning analytics was designed and
developed. The intervention engine is named the Intelligent Intervention System
(In2S). Within the scope of this research; In2S system and its components have been
introduced, and the system is evaluated based on learners’ views. In2S includes three
types of intervention that are instructional, supportive, and motivational intervention.
The instructional intervention was structured based on assessment tasks. The
supportive and motivational interventions were structured based on the learning
experiences of the learners. Signal lights (red, yellow, and green) are presented to
the learners for each assessment task as an instructional intervention. Supportive
intervention is presented to the learners via the dashboard. In the context of
motivational intervention, elements of gamification as a leader board, badges, and
notifications have been used. In order to obtain the learner’s views about the In2S,
semi-structured interviews were conducted with the learners who had a previous
learning experience with the system. The learning environment was evaluated based
on their views. Learners had a nine-week learning experience in the e-learning
environment. Then, eight students who used the system most actively and eight
students who used the system most passively were selected for focus group
interviews.. According to the findings, it was seen that the learners who use the
intervention engine indicated that the system is useful and want to use it in the
context of other courses.

Keywords: Learning analytics, Intelligent learning management system, Intervention
engine, Instructional intervention, Supportive intervention, Motivational intervention

Introduction
The use of online learning environments is rapidly increasing in the field of education.

Especially, Learning Management Systems (LMS) are used in higher education (Brown,

Dehoney and Millichap, 2015). It’s possible to say that there are three generations of

LMS (Fiadhi, 2014). LMS 1.0 from 1991 to 2004; LMS 2.0 from 2004 to 2011; and

LMS 3.0 from 2011 up until today have been used (Fiadhi, 2014). LMS 1.0 is read-only

system (Richardson, 2005; Peraković et al., 2011). Systems presented the content and

learners could read the content. LMS 2.0 is structured through web 2.0 (wikis, blogs,

forums etc.) (Rubens, Kaplan, & Okamoto, 2012). With LMS 2.0, learners gained the

ability to interact with the system. These systems are designed to be personalized
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according to the needs of the learners, and there is a social interaction between the

learner-learner and the learner-instructor (Pinheiro, 2016). However, due to the fact

that too many data in these LMSs are not well structured, today’s educational environ-

ments can’t adequately satisfy the needs of learning and teaching processes (Šimić,

Gašević, & Devedžić, 2004; Shabani & Eshaghian, 2014). These deficiencies in LMS

have started to be solved by the third generation LMS (LMS 3.0). Nowadays, Learning

Management System 3.0 (LMS 3.0) based systems now take their place as an e-learning

environment. LMS 3.0 systems use learning analytics and machine learning intensively.

Learning analytics provide a crucial power to improve learners’ learning performance

and increase learning efficiency (Dyckhoff et al., 2012). In addition, learning analytics

can provide better feedback about the learning process. (Kloos et al., 2013). Although

learning analytics is one of the most important issues of the last period, it is still an

immature area. There is a great deal of study on learning analytics in the literature (Ali

et al., 2012; Lonn, Aguilar, & Teasley, 2015; Choi et al., 2018). But learning analytics

could not associate with the learning theories and learning design yet (Şahin, 2018).

One of the issues about LMS 3.0 and learning analytics is that the concept of interven-

tion engine is not fully modeled. When the studies about intervention in the literature

are examined, it is observed that they have a 100-year history and are aimed at improv-

ing performance (Kluger & DeNisi, 1996). Interventions are conducted through feed-

back. Narciss et al. (2004) underline that feedback is an important factor in promoting

effective learning in all types of computer-based learning environments.

Whereas, in order to develop LMS 3.0, the intervention engines need to be modeled

and developed. Course Signal (Arnold & Pistilli, 2012), E2Coach (Electronic and Expert

Coach) (Mckay, Miller, & Tritz, 2012), and iMoodle (An Intelligent Moodle Based on

Learning Analytics) (Tlili et al., 2018) studies can be presented as an example of an

intervention studies which were developed. One of the main reasons for this is the fact

that the concept of intervention is a psycho-educational structure, and this structure

cannot yet be associated with learning analytics (Wu et al., 2015; Şahin, 2018). In this

study, the Intelligent Intervention System (In2S) was developed in order to fill this gap.

Within the scope of this research;

(a) In2S system and its components have been introduced.

(i) instructional intervention.

(ii) supportive intervention.

(iii)motivational intervention.

(b) then, the system is evaluated based on learners’ views.

In the scope of this research, firstly, educational data mining and learning analytics,

the concept of intervention, intervention systems based on learning analytics are dis-

cussed. Then In2S system and components are introduced. Finally, the system has been

examined with real-time users and user views about the In2S are presented.

Educational data mining and learning analytics

Learning environments have been influenced by many developments from past to

present. One of these is instructional technologies. In instructional technologies, there
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have been changes in both definition and content. The definition of the instructional

technology by AECT (2008) is “the study and ethical practice of facilitating learning

and improving performance by creating, using and managing appropriate technological

processes and resources.” In this context, it is seen that learning analytics will play an

important role in facilitating learning and increasing learner performance. Because the

ultimate goal of learning analytics is to improve learning and teaching process (Elias,

2011). Learning analytics use various data sources, including interaction data in online

learning environments, to improve efficiency and improve learning environments. The

aim of using interaction data is to increase the understanding of learning environments

and to improve learners’ experience (Pardo & Dawson, 2016). There are many types of

data that can be recorded and used in online learning environments. This data types

are presented by Tzelepi (2014) as follows:

• Interaction data (from learner and instructor).

• Online discussion (from learner and instructor).

• Instructional design choices and tools presented to the learners (from instructor).

• Use of existing LMSs (from learner and instructor).

In online learning environments, it is also possible to collect self-report data from

learners. Collecting and analyzing all these data contributes to the improvement of the

learning environment by creating certain interventions in the learning environment.

Educational data mining methods are utilized in order to make improvements based on

these data obtained from learning environments. Educational data mining is defined as

the development of methods to reveal meaningful structures and latent patterns from

the data obtained from educational environments and to use them in accordance with

the purpose of these methods (Baker & Siemens, 2014). Educational data mining is

utilized in order to explore and determine learners’ interaction pattern. Then, the ne-

cessary improvements and interventions are made by learning analytics. In this context,

two concepts appear that are referred as analytic and analyze. The concept of Analyze

is defined as a process of determining the pattern, and the concept of analytic is defined

as utilizing this patterns in order to improve the learning environment.

Learning analytics is defined as; collecting, analyzing, measuring, and reporting data

about learners and learning environments in order to understand and improve learning

environments and processes (Siemens & Gasevic, 2012). Learning analytics provide a

very important power to improve learning performance of learners and to increase the

efficiency of learning process (Dyckhoff, Zielke, Bültmann, Chatti, & Schroeder, 2012).

Besides, learning analytics can provide better feedback about the learning process

(Kloos, Pardo, Munoz-Merino, Gutierrez, & Leony, 2013). The learning environment

designs are reviewed and improved, and more suitable environments can be developed

based on this feedback.

The main purpose of learning analytics is to improve the learning environment and

the learning process. With the use of learning analytics, it has become possible to inter-

vene to the learners in e-learning environments during the learning experiences and

improve the learning environment. The ultimate aim of the interventions is to increase

learners’ achievement or improve learners’ learning experiences (Pardo & Dawson,

2016). Two types of interventions are possible in e-learning environments. One of them

intervenes to the system and the other one is to intervene to the individual. This struc-

ture is presented in Fig. 1.
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As can be seen in Fig. 1; meaningful and latent patterns from big data are obtained

by educational data mining and interventions can be made to the system or individual

based on these patterns. It’s possible to intervene to the system via adaptive engine and

intervene to the individual via intervention engines.

Educational intervention in online learning

Intelligent Tutoring Systems, Adaptive Hypermedia Systems, Electronic Performance

Support Systems, and Learning Management Systemsare some of the systems that

intervene to the individuals or systems. However, intervention is an important structure

and it is not possible to consider it independent from theory. First of all, in the context

of classroom management, changing the order of the student or changing the instruc-

tion material are interventions. However, while the concept of intervention has devel-

oped several models for students who need more intervention in education (response

to intervention, RTI theory), this concept is frequently used, especially in the field of

psychology (in the context of behavior change). In this context, in order to be able to

design an intervention engine based on learning analytics, the concept of intervention

should be well investigated and understood.

In the literature, it is observed that intervention studies have 100 years’ history and

interventions have been aimed at improving performance (Kluger & DeNisi, 1996).

Narciss, Körndle, Riemann, & Müller (2004) underline that feedback is an important

factor in promoting effective learning across all types of computer-based learning envi-

ronments. In this context, Kluger and Denisi introduced Feedback Intervention Theory

(FIT) that provides knowledge about the performance of the learners as feedback. But

the concept of intervention is not only feedback but also a broader concept that

Fig. 1 Intervention systems based on learning analytics
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includes feed-forward and feed-up. Therefore, limiting the concept of intervention to

feedback is not an accurate approach. So it is possible to say that all feedbacks are an

intervention but not all interventions are feedback.

It is seen that there are different types of intervention in the literature. Even, there is

“Theory of Intervention” and “Models of Intervention” in the literature. Intervention is

defined as “interact with individuals in an on-going system in order to help them” by

(Argyris, 1970). The concept of intervention for e-learning environments has been in-

vestigated in accordance with the research context. And the types of intervention made

by Geller (2005) are discussed. Thus, these types of intervention and their definitions

are closer to the educational context. Geller (2005) defines three types of intervention

as a) instructional, b) supportive, and c) motivational intervention. The intervention en-

gine which is developed within the scope of this study includes instructional, support-

ive, and motivational intervention types. Information about these types of interventions

is presented in Table 1.

These concepts and components are discussed in behavioral psychology by Geller. In

the field of education concept of intervention has not been considered as a structure in

order to guide educational designs. Therefore, in this study, the dimensions of interven-

tion are referenced as seen in Table 1. And the concepts of the intervention were trans-

ferred and designed for online learning environments.

In the educational context, instructional interventions are frequently performed is

seen in the literature. Instructional intervention; use the assessment tasks as an activa-

tor and it is done after the assessment tasks. The benefits of intervention are examined

according to the result of the next assessment task. Supportive and motivational inter-

ventions can be structured based on the learning experiences of the learners. Support-

ive intervention is the type of intervention that reinforces the correct behaviors of

learners and ensures the continuity. Motivational intervention is an intervention to pro-

vide external encouragement to the learners. Within the scope of this research, an

intervention engine was designed and developed which includes instructional interven-

tion based on assessment tasks, supportive and motivational interventions based on

learning experiences.

Intervention engines based on learning analytics

With the use of learning analytics, it is possible to intervene to the learners during their

learning experience in online environments. The ultimate aim of the interventions is

increasing learner achievement or improving students’ learning experiences (Pardo &

Dawson, 2016). Learners’ formative performance and learning objectives are taken into

consideration for using analytics as an intervention (Lonn, Aguilar, & Teasley, 2015). If

Table 1 Types of Intervention and their definition (Geller, 2005)

Types of
intervention

Definition

Instructional Use an activator or antecedent to start a new behavior

Supportive If an individual learns the correct behavior and demonstrates behavior, in order to routine
of daily life or automate the movement.

Motivational Individual knows the correct behavior, but if it does not, when individual needs an external
encouragement or pressure.
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learners’ formative performance and learning objectives are not taken into consider-

ation, this situation is likely to affect their performance and engagement negatively.

Developing a structured intervention model based on learning analytics can improve

learning and teaching experiences of the learners (Wu, Huang, & Zou, 2015). Studies

have shown that effective interventions have a significant impact on the learning per-

formance of learners (Chen, 2011).

In the literature, it is seen that the investigation of the intervention models is not

done extensively enough (Wu et al., 2015). It is observed that the adaptive engine stud-

ies that intervene in the system are performed, but the intervention engine studies

which intervene to the individual are very limited. Besides, it is seen that the studies re-

lated to the intervention engine are limited with the feedback intervention. Developing

an intervention engine model in order to improve the learning performance of learners

has an important role in promoting both learning and teaching experiences and in pro-

gressing of learning analytics (Wu et al., 2015). In this research, an intervention engine

based on learning analytics was designed and developed in order to improve learners

learning output. The intervention engine includes feed-forward in addition to the

feedback.

Intelligent intervention system (In2S)

Learning analytics also offers researchers the opportunity to develop intelligent LMS.

Due to the fact that a lot of data is unstructured in LMS, LMSs cannott meet today’s

requirements in education (Šimić, Gašević, & Devedžić, 2004; Shabani & Eshaghian,

2014). In order to meet these requirements, Intelligent Learning Management Systems

(ILMS) have been developed. LMSs; storage the content, present content to the

students, make assessment tasks, grading, and documentation about the students; ILMS

is a software that collects all information about the learners from the log and utilizes

them for the next step (Parthasarathy, Ananthasayanam, & Ravi, 2011). ILMSs track

learning activities, report, recommend etc. and they can reduce the time spent on

instruction (Fardinpour, Pedram, & Burkle, 2014).

In the scope of this research; the intervention system was developed as an add-on to

Moodle LMS. The developed e-learning environment is also an example of ILMS,

which is a third generation LMS. Because, in this system individual orientations and

recommendations are made to the learners, the learners’ interactions and the findings

related to the assessment tasks are reported to them and learners are encouraged to

interact with the system. The intervention engine includes instructional, supportive and

motivational intervention components. Position of these intervention components in

the e-learning environment presented in Fig. 2a and b.

There is a great deal of data about learners’ interaction in unstructured form in Moodle

LMS. In this study selected 11 metrics about learners’ interaction data. For this purpose,

feature selection algorithms which are used for pre-processing phase in educational data

mining was utilized. Selected 11 metrics and their themes presented in Table 2.

As seen in Table 2; there are three sample metrics for L-C, L-A and L-L interaction

theme and there are two sample metrics for the L-I interaction theme. After the

metrics that used as the interaction data are given, components of the intervention

types are presented.
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Components of the instructional intervention

The instructional intervention is structured based on the assessment tasks of the

learners. The results of the assessment task of the learners were calculated using the

caution index developed by Sato (1980), which is a successful diagnostic tool, and the

learners were categorized according to their learning performance. SATO is a caution

index that aims to provide feedback to the learners and the instructor about the

a

b

Fig. 2 (a) Position of intervention types in the e-learning environment. (b) Screenshot about the
intervention types in the e-learning environment

Table 2 Metrics which used in the system as interaction data

Interaction theme Sample metrics

Learner-Content (L-C) Total number of visited in content
Total time spent in content
Number of new page in content

Learner-Assessment (L-A) Number of completed assessment
Total time spent in assessment tasks
Number of different assessment task

Learner-Learner (L-L) Number of messages in discussion environment
Total reading time of messages in discussion environments
Number of participants in different discussions

Learner-Instructor (L-I) Number of messages that send to the instructor
Number of messages which is read
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learning process after the assessment tasks (Acar, 2006). SATO caution index classifies

learners to six different levels like A, A’, B, B′, C and C′. The learners were classified

according to the results of the assessment tasks and the classes of the learners were

presented with signal lights. In this context, as an instructional intervention; red, yellow

and green signal lights presented to the learners for each assessment task. If the signal

light is red, also topic contingent feedback about deficient topics is presented to the

learners. In addition to these, textual feedback is presented to the learners. Examples of

instructional intervention are presented in Fig. 3.

As shown in Fig. 3, different feedback is given both textually and visually based on

the learner’s assessment results. The system presents feedback to the learners for each

assessment task. In addition to this, reminder notifications are sent to the learners who

have not completed their evaluation tasks via e-mail and SMS.

Components of the supportive intervention

Supportive intervention is structured based on learners’ experiences and results are

presented to the learners via dashboard. Interaction themes are presented to the

learners as five themes which are Learner-Content (L-C), Learner-Assessment (L-A),

Learner-Discussion (L-D), Learner-Instructor (L-I) and Learner-Overall (L-O). Screen-

shot of these themes is presented in Fig. 4.

As a supportive intervention, different interaction data presented to the learners.

These are:

� Individual interaction performance (1),

� Compare their interaction performance with group (2),

Fig. 3 Examples of Instructional Intervention
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� Prediction of the achievement status (3)

Naive Bayes, one of the educational data mining methods, has been utilized in order

to make predictions of achievement of the learners.

Components of the motivational intervention

Supportive intervention is structured based on learners’ experiences. In the con-

text of motivational intervention, elements of gamification have been used. The

leader board was created by getting an interaction point from the students’ inter-

action. In order to get a single interaction score, gray relationship analysis, which

is one of the multi-criteria decision-making algorithm, was employed. Also,

weekly badges were presented to the learners. In addition to this, various notifi-

cations were sent to the students who had not enter the system for a certain

period of time via SMS and e-mail. Examples of motivational intervention are

presented in Fig. 5.

As shown in Fig. 5 these weekly badges are presented to the learners;

� Most interaction with content,

� Highest rating from the assessments

� Most interaction with discussion environments

� Most interaction with the instructor

� Most interaction with the learning environments (overall)

Moreover, a leader board is created and presented to the top 10 learners according to

their interaction with the e-learning environment. In addition, e-mail and SMS notifica-

tions were sent by the system to the learners who had not enter the e-learning environ-

ment for a certain period of time.

Fig. 4 Screenshot of the Supportive Intervention

Şahin and Yurdugül Smart Learning Environments            (2019) 6:18 Page 9 of 18



Learning environment

There are four types of interaction in the online learning environment. These are L-C,

L-A, L-L, and L-I. And learners interacted with these interaction themes. Detailed in-

formation on these types of interactions is as follows.

� Text, SCORM packages and video material (L-C Interaction)

� Assessment tasks after the unit and unit test (L-A Interaction)

� In the discussion topics (L-L Interaction)

� Via message (L-I Interaction)

In addition, learners interacted with the dashboard and interventions presented by the

system. However, the interaction data of these interventions and dashboard are not included

in this study. Types of intervention and their components are presented in Table 3.

For instructional intervention, it used the traffic signal (inspired by Purdue Univer-

sity). And also some textual feedback and topic contingent feedback were presented to

the learners. As supportive intervention; comparison with the group, individual inter-

action performance, and prediction of achievement status were presented to the

learners via dashboard. And in the context of motivational intervention; leader board,

badges, and notification were presented to the learners.

Data collection

Learners had a nine-week learning experience in the e-learning environment. Then,

eight students who used the system most actively and eight students who used the

Fig. 5 Examples of Motivational Intervention
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system most passively were selected for focus group interviews in order to evaluate

the system. The focus group interviews were conducted in four different interviews

with four students in each group. Focus group interviews were conducted with a

semi-structured interview form developed by the researchers. The descriptive infor-

mation about the learners who participated in the focus group interviews is presented

in Table 4.

As seen in Table 4, focus group interviews were conducted with 16 learners. In order

to evaluate the system, instead of interviewing all learners, learners with high and low

interaction levels were selected. Extreme or deviant case sampling was used as a

sampling type. Extreme or deviant case include more information about the situation

(Creswell & Poth, 2018), so this type of sampling served better toward the purpose of

this study. Nine of the learners who participated in the focus group interview were

male and seven of them were female. Interaction level was determined based on

learners’ interaction score. Interaction scores were obtained from log data. Low level

learners indicates that the learnerinteracted with the system at a low level. High-level

learners are the opposite of the low level. The data obtained from the interviews were

Table 3 Types of intervention and their components

Type of intervention Intervention tool

Instructional Intervention • Signals
• Text Feedback
• Topic contingent feedback
• Reminder notification

Supportive Intervention • Comparison with group
• Individual interaction
• Prediction of achievement status

Motivational Intervention • Leader board
• Badges
• Notification via sms and e-mail

Table 4 Descriptive information about the learners who participated focus group interview

Participant Sex Interaction level

P1 Male High

P2 Male High

P3 Female High

P4 Female High

P5 Male Low

P6 Male Low

P7 Male Low

P8 Female High

P9 Male Low

P10 Male Low

P11 Male Low

P12 Male Low

P13 Female High

P14 Female High

P15 Female High

P16 Female Low
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analyzed by content analysis to evaluate the e-learning environment The findings are

presented in detail findings topic.

Case study

This study is designed as a case study. Case study is a research method that examines a

real situation or system in detail (Creswell & Poth, 2018). In order to obtain the

learner’s views about the In2S, the learning environment was presented to the learners

and the learning environment was evaluated according to their views. In this study, a

holistic single case design was utilized (Yin, 2017). Because in this research, only one

case has been completely examined. In the following section, information about partici-

pants, e-learning environment, data collection, and findings are presented.

Participants

79 learners signed up to the e-learning environment and had a learning experience for

nine weeks. These learners were enrolled “Computer Networks and Communication”

course in the spring semester of the 2017–2018 academic year. 46% (n = 36) of learners

were female, and 54% (n = 43) of learners were male.. Participants had previous e-learning

experiences. Participants were enrolled in Computer Education and Instructional

Technology Department.. The study was approved by the Ethical Review Board and the

participants signed the inform consent for the study priorty to participation. .

Data analyze

Content analysis was utilized as data analysis. Content analysis allows researcher to

discover content in a communication source (Neuman, 2007). Content analysis is

conducted to cluster related themes with each other (Weber, 1990). In this research,

related statements were clustered and themes were created. In order to do this, the

following steps were taken:

� Coding,

� Determination of the themes,

� Preparation of the themes and codes and,

� Interpretation of findings.

Findings

In this section, descriptive information about the system interaction and findings of

content analysis are presented. Before the learners’ opinions about the system, log data

about the use of the system were presented. Within the e-learning environment,

learners can interact under four different themes as learner-content, learner-learner

assessment, learner-learner and learner-instructor. Eleven different metrics under four

different interaction types of learners are recorded by the system. Average, max and

min values for these metrics are presented in Table 5.

Firstly, descriptive information about the system interaction is presented in Table 5.

As seen in Table 5, learners visited content pages on average 1520 times. The least

visited learner interacted with the content page 19 times., and the most visited learner

interacted with the content page 26173 times. The other metric is learners total time
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spent in content. Learners total time spent in content on average was 96,522 s. The least

total time spent in content was 369 s. The most total time spent in content was 747,922 s.

In addition to these, other theme and metrics values are presented in Table 5. As seen in

Table 5, content interaction is the first order as expected. It means that the learner-

content theme is the most interacted by the learners. L-L interaction is second order, L-A

interaction is third order and L-I interaction is the last order. Some learners didnot prefer

to interact with the assessment, other learners and instructor. After these descriptive

information findings of the content analysis are presented below.

The findings are presented respectively as; (a) effectiveness of the system, (b) findings

of instructional interventions, (c) findings of supportive interventions and (d) findings

of motivational interventions. The first finding to be presented is the effectiveness of

the system. In this context, learners who have both low and high-level interaction

stated that the system was effective and the interventions were beneficial. Some of the

learners’ views about the system are as follows:

P1: “...when I see the charts, tables, schemes and increasing, I want to more interact

with the system and I want to study more...”

K5: “...Normally when we login to the moodle environment we just get bored. But when

it comes to those indicators, we get more and more efficient when the system follows...”

P10: “...If you don’t do your tasks in school, you will be punished if you do it on the

site, you will take an award. I am going to attend the course for discontinuity in school

but I am login to the system for learning...”

The instructional interventions were structured in order to show the weak and strong

aspects of the learners after the assessment tasks, to guide them to the subjects they are

lacking, and to have a more effective learning experience. In this context, as an

Table 5 Descriptive information about the system interaction

Interaction theme Sample metrics Average Max Min

Learner-Content
(L-C)

Total number of
visited in content

1520 26,173 19

Total time spent in
content (second)

96,522 747,922 369

Number of new
page in content

7 8 2

Learner-Assessment
(L-A)

Number of completed
assessment

12 25 0

Total time spent in
assessment tasks (second)

6563 17,744 0

Number of different
assessment task

12 25 0

Learner-Learner
(L-L)

Number of messages in
discussion environment

8 121 0

Total reading time of
messages in discussion
environments (second)

4559 60,599 0

Number of participants in
different discussions

8 117 0

Learner-Instructor (L-I) Number of messages that
send to the instructor

1 34 0

Number of messages
which is read

3 7 0

Şahin and Yurdugül Smart Learning Environments            (2019) 6:18 Page 13 of 18



instructional intervention red, yellow, and green signal lights presented to the

learners for each assessment task. If the signal light is red, also topic contingent

feedback about deficient topics is presented to the learners. In addition to these,

textual feedback is presented to the learners. It was emphasized by the learners

that the signal lights are the most remarkable component; they encourage them

and are beneficial for them.

P8: ... I like them, I saw them when I login to the system, it was useful to send me dir-

ectly to the topic. Just because those red lights bothered me, I went from that connection

to the subject and I did the assessment. Just because those lights bother me in red. I login

it with a request to correct it...

Learners said that it would be useful to get notifications about assessment tasks and

assignments. It has been observed that such notifications are necessary for learners

who tend to postpone behavior.

P10: “...Reminders was good. You haven’t done the assessment, you know, you’re doing

a conscience. It’s good for me....”

Another intervention type is the supportive intervention. Supportive intervention was

made in order to enable learners to continue their activities in this way by presenting

interaction data for learning processes and to see their own performance according to

the group. Information about their learning experience is presented via dashboard to

the learners. The learners stated that the supportive intervention improved their self-

regulation and planning skills.

P8: “...My daily interaction was effective in my self-interpretation of how much I

studied. I thought I had to increase the count of the day when I saw that I was missing

this group....”

Some of the learners stated that their individual daily performances were more effect-

ive and regulated according to this graph. And some others stated that the graph which

comparison with the group was more effective.

P1: “...It’s good, are we bottom or top? If I’m on the top, it motivates me; if I’m on the

bottom, it resolves me...”

P8: “...My favorite part of the system because the supporters part of me to see my-

self. In addition, the system has something special and you can see it according to

the group and you can see it individually. I want to login this system thanks to the

promoters...”

In addition to the graphs showing their status according to individual and group, pre-

diction of achievement status was presented to the learners. For this purpose, machine

learning and educational data mining were utilized. This prediction is one of the factors

that increase students’ interaction with the system.

P13: “...In the first weeks there was a sentence as you will be failed, it made me ambi-

tious. I made an effort to change its to green. After it returned to green, you continue in

the same way …”.

P10: “...As they login to the system, it was very motivating to see that it increased.

Sometimes I was just login to the system in order to increase my graph...”

Motivational intervention included to the system for external encouragement. Leader

board, badges and notifications were used in the system as components of motivational

intervention. The learners stated that the leader board and badges in the system in-

creased the competition and motivated them.
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P10: “...The leader table was my most motivated resource. Once I entered the leader

table … because I like to compete. After I saw that I entered the leader table, I started

to work better...”

P12: “...The badge is of course that you would get to go upstairs. I’d like to see my

ranking. It’s a good thing for a man to know himself...”

It is possible to conclude that the learners who logged in to system stated that the

system was useful and effective. They want to see information about their interaction

in such systems with graphs and visuals and this had a positive effect on the learning

processes.

In addition to these positive findings, there are some negative findings about the sys-

tem. First of all, learners stated that textual feedback did not attract much attention

compared to visuals. And also, the number of badges was insufficient. So, learners

stated that the number of badges should be increased in the system. Learners stated

that they need a moderator/instructor in the e-learning environments.

P8: “…I’m more impressed by the flashing light than those textual feedbacks…”.

P10: “…It’s good to have a moderator, you want it to be in discussions. Good to have a

teacher in discussions...”

P9: “…I think the badges could be improved or something nice. Add different

badges…”.

Results and discussion
Within the scope of this research, components of an intervention engine design based

on learning analytics were introduced and the system is evaluated based on learners’

views. The intervention engine includes instructional, supportive, and motivational

intervention components. Instructional intervention is designed based on the assess-

ment tasks of learners. Supportive and instructional interventions are structured based

on the learning experiences of the learners. Learners through interventions: (a) can

monitor individual performance, (b) compare themselves with groups, (c) determine

missing topics, (d) monitor individual prediction of achievement and (e) obtain

information about individual learning process. Educational interventions positively

effect learning effectiveness (Choi et al., 2018) also, systems that identify dropout

learners early and intervene are very important (Casy & Azcona, 2017). It is also

possible to identify dropout learners and make interventions based on this patterns

with learning analytics. In this study an intervention engine was developed based on

learning analytics. In2S can be shown as a reference model for intervention engine

based on learning analytics. In the context of this study, system was evaluated based on

learners’ views. It was seen that the learners who use the intervention engine said that

the system is useful and want to use it in the context of other courses. In the literature,

it was found that the systems developed based on learning analytics was useful, usable,

satisfaction levels were high, and students wanted to use such systems for other courses

(Arnold & Pistilli, 2012; Ali, Hatala, Gasavic, & Jovanovic, 2012; Govaerts, Duval,

Verbert, & Pardo, 2012; Hu, Lo, & Shih, 2014; Park and Jo, 2015).

Ma, Han, Yang, & Cheng, (2015) pointed out that the instructors’ guidance and

assistance in providing students had a significant impact in completion of students’

learning tasks. In this context, the instructional intervention was structured based on

assessment tasks of learners. It was found that the signal lights indicating the strengths
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and weaknesses of the learners were effective for the learners, and learners made effort

in order to change red to green. Similarly, Arnold and Pistilli (2012) found that signal

lights have a positive effect on the motivation of learners. They emphasized that topic

contingent feedback is one of the positive aspects of the system. In addition, it was

stated that the notification e-mails and SMS related to the assessment tasks were

beneficial.

The systems must be developed that can predict learners’ achievement and identify

students at risk (Siemens, 2013; Casey & Azcona, 2017). One of the supportive

intervention components presented to the students within the scope of this study is to

prediction their achievement status based on their interactions. The learners who use

the system also stated that the graph that predicts the achievement is effective and that

they work hard in the green area. It is possible to say that supportive intervention is

effective. Similarly, Hu, Lo & Shih (2014) developed a system that predicted learners’

performances and found that this system was successful.

Providing a learning climate that supports their autonomy is important for learners’

self-regulated skills (Ng, Liu & Wang, 2015). Design based on learning analytics

develops students’ self-regulation skills (Lu, Huang, Huang & Yang, 2017). In this con-

text, learners who use the system stated that supportive interventions have a positive

contribution to self-regulation skills. In addition, systems must encourage learners to

observe and reflect in order to support the autonomy of learners (Ribbe & Bezenilla,

2013). From this perspective, the system presented to the learners’ individual inter-

action performance and comparison with the group. And learners had the opportunity

to reflect. In addition to this, the learners have seen their deficiencies with supportive

interventions and have continued their interactions by determining a starting point for

themselves. Based on all these findings, it is possible to say that supportive intervention

supports the autonomy of learners and contributes positively to self-regulation skills.

According to the findings obtained from the interviews with the learners, they stated

that the leader board is the greatest motivation source of them. They also stated that

badges increased their motivation but the number of badges should be increased. In

addition to the leader table and badges, they also indicated that the e-mails and SMSs

integrated into the system excited them and that they were satisfied with the arrival of

these notifications.

Recommendations
Nowadays, data can be obtained from various sources (database, data warehouse,

sensors).However, this data is unstructured form. Through educational data mining

and learning analytics, patterns can be determined in this data and interventions can be

developed based on these patterns. The process of learning analytics is a cyclical and

formative process. The output of a research constitutes the input of another research.

Therefore,, it is necessary to identify the patterns of learners and then develop the

systems that can make interventions based on these patterns. In addition to the

interaction data of the learners, sequential patterns can be determined and interven-

tions can be structured based on them.

The individualization of learning processes of learners has an important role for the

future of learning analytics (Siemens, 2013). It is recommended to add features such as

plagiarism detection, cognitive support, strategy training, and customizable learning
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pathways to systems developed based on learning analytics. Besides, it is seen that the

relationship between learning analytics and learning theory is not established

sufficiently. The relationship between learning analytics and learning theories should be

established and the designs should be made based on this model or models.

Limitations

The intervention engine developed within the scope of this research is limited to

three types of intervention named as instructional, supportive,and motivational. In

addition, the developed intervention engine can be used as a plug-in for Moodle

LMS. In addition, In2S was used only by 79 learners and the system was evaluated

based on 16 learners’ opinions. One of the limitations of the study is its application

on a small scale. Moreover, the evaluation of the system is done based on a single

data collection source. In order to test the effectiveness of such systems, applying

them to a larger group of learners and collecting data from several different sources

will provide more effective results.
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