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Abstract 
Learning activities are increasingly performed in online learning environments. In higher 

education, courses often utilize a blended learning approach where some learning activities 
take place at the campus while others are performed online. On one hand, distance learning 
introduces challenges for students, because the lack of face-to-face guidance requires them to 
more independently regulate their own learning. On the other hand, the digitalization of 
learning environments introduces new opportunities for automating guidance. This thesis 
explores technologies for supporting self-regulated learning in online learning environments. 
The focus is on technologies that can be automated, do not require effort from the instructor 
and are scalable. 

We designed a study planning tool that utilizes a new kind of curriculum model which 
describes the connections between the learning goals of the courses as well as their 
connections to the high-level goals of the degree programs. Interactive visualizations show to 
students how the courses build on top of each other and what each course contributes to the 
goals that the student has selected. The visualizations aim to help students to evaluate the 
importance of the topics covered in each course for their personal goals. 

We also studied ways to automatically support students' self-monitoring of their study habits 
in online learning environments. Retrospective analysis of students' behavior revealed signs of 
some harmful study habits such as procrastination or misusing the automated assessment. We 
evaluated two interventions for improving students' awareness of their own behavior: 
achievement badges and visualizations. Achievement badges provided students with 
immaterial rewards for utilizing desired study practices such as submitting early or avoiding 
resubmissions, while the visualizations displayed to students their current behavior and what 
outcomes similar behavior has predicted in previous years. 

The methods were evaluated in controlled experiments in a university-level computer science 
course where students completed homework exercises online. Both the achievement badges 
and the visualizations improved some aspects of students' behavior. However, they had the 
strongest influence on students who were already high-performing. We also studied the 
relationship between students' achievement goal orientations and their responses to the 
interventions. Students with performance-approach orientation exhibited most interest 
towards the badges, while those with performance-avoidance orientation exhibited most 
interest towards the visualizations. 
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Tiivistelmä 
Opiskelu on lisääntyvissä määrin siirtymässä verkkoon. Korkeakouluopetuksessa 

hyödynnetään usein sulautuvia opetusmuotoja, joissa osa oppimisesta tapahtuu 
lähiopetuksessa ja osa verkossa. Toisaalta etäopiskelu luo opiskelijoille uusia haasteita, koska 
suoran ohjauksen puute vaatii opiskelijoita säätelemään omaa opiskeluaan itsenäisesti. 
Toisaalta oppimisympäristöjen digitalisoituminen tarjoaa uusia mahdollisuuksia ohjauksen 
automatisoimiseen. Tässä työssä tutkitaan teknologioita itsesäätelevän opiskelun tukemiseksi 
verkko-oppimisympäristöissä. Pääpaino on tekniikoissa, jotka voidaan automatisoida, eivät 
vaadi merkittävää lisätyötä opettajalta ja jotka ovat skaalautuvia. 

Työ sisältää kaksi osa-aluetta: opintojensuunnittelun tukeminen ja itsetarkkailun tukeminen. 
Työssä suunniteltiin opintojensuunnittelutyökalu, joka hyödyntää uudenlaista kurssien 
osaamistavoitteiden keskinäiset yhteydet sekä niiden yhteydet koulutusohjelmien korkean 
tason tavoitteisiin kuvaavaa tietomallia. Rakenteen vuorovaikutteiset visualisaatiot tuovat 
esiin kurssien rakentumisen toistensa päälle sekä sen, kuinka kukin kurssi liittyy opiskelijan 
valitsemiin tavoitteisiin. Visualisaatioiden tavoitteena on auttaa opiskelijaa ymmärtämään 
kurssien osaamistavoitteiden merkitys omille tavoitteilleen. 

Työn toisessa osassa tutkittiin tapoja tukea automatisoidusti opiskelijoiden opiskelutapojen 
itsetarkkailua verkko-oppimisympäristöissä. Vanhojen lokitietojen analyysi paljasti merkkejä 
haitallisista tavoista kuten opiskelun jättäminen viime hetkeen tai automaattisen tarkastuksen 
väärinkäyttö. Tutkimme kahta menetelmää opiskelijoiden huomion kiinnittämiseksi 
opiskelutapoihin: suoritusmerkit ja visualisoinnit. Suoritusmerkit tarjosivat opiskelijoille 
aineettomia palkkioita hyvien opiskelutapojen noudattamisesta kuten ajoissa palauttamisesta 
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1. Introduction

1.1 Background and motivation

Learning and teaching are increasingly taking place in online learning

environments. Massive open online courses (MOOCs) [e.g. McAuley et al.,

2010; Hew and Cheung, 2014], which allow students from anywhere in

the world to take courses from top institutions for free, have recently

gained lots of attention in the media. Furthermore, online learning has

changed traditional higher education as well. Many courses utilize a

blended learning approach where some activities take place at the cam-

pus while some are performed online [e.g. Osguthorpe and Graham, 2003;

Garrison and Kanuka, 2004]. Students may, for example, attend lectures

and lab sessions at the campus but submit homework and complete inter-

active exercises on the web.

Studying in online learning environments brings, however, new chal-

lenges for students. Online learning is not tied to time or place which

leads to students often working alone, outside of the reach of direct face-

to-face guidance from an instructor. This requires students to indepen-

dently take responsibility of deciding in which order to perform learn-

ing activities, managing time spent for studying, and acquiring all the

necessary information needed for studying, among other things [Azevedo

and Cromley, 2004; Schraw, 2007; Veenman, 2007; Greene and Azevedo,

2009]. Unfortunately, research has shown that students are not very

good at regulating their own learning. They tend to overestimate their

skills [Winne and Jamieson-Noel, 2002], stop studying before sufficiently

mastering the material [Steinberg, 1989] and procrastinate [Steel, 2007].

Completion rates are sometimes observed to be lower in online courses

[Wojciechowski and Palmer, 2005; Grau-Valldosera and Minguillón, 2014],

11
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and some of these problems can be attributed to students’ problems in in-

dependently regulating their learning [e.g. Azevedo et al., 2005], in addi-

tion to other reasons such as low commitment.

Research has shown that students need effective self-regulatory skills

in order to perform well in online learning environments [Azevedo and

Cromley, 2004]. Students who lack self-regulatory skills are unable to

fully exploit the potential of these environments [Azevedo, 2005]. Zim-

merman and Schunk [2011] define self-regulated learning as a process

whereby learners personally activate and sustain cognitions, affects, and

behaviors that are systematically oriented toward the attainment of per-

sonal goals. The extent to which students engage in self-regulating activi-

ties has been shown to correlate with academic achievement [e.g. Richard-

son et al., 2012]. It has also been shown that fostering self-regulation im-

proves performance, i.e. the relationship is causal [e.g. Hattie et al., 1996;

Tuckman, 2003; Azevedo and Cromley, 2004; Bannert et al., 2009]. Thus,

it is important that online learning environments are designed in a way

that supports self-regulated learning.

The digitalization of learning environments provides new opportunities

for researchers and educators. Traditionally, the artifacts that students

produce, e.g. essays or solutions to assignments, only provide a view to the

end result of studying but not to the learning process. Gathering informa-

tion of the process would require surveys, to which students may fail to

answer accurately, or observing or video-taping the students when they

are engaged in learning activities, which is laborious. In contrast, dig-

ital learning environments are capable of automatically recording every

action that a student performs. Furthermore, because the data is readily

machine-readable, it is easy to analyze with a computer. The availability

of log data of students’ activities has lead to the rise of the field of Edu-

cational Data Mining (EDM). EDM can be defined as an emerging disci-

pline, concerned with developing methods for exploring the unique types

of data that come from educational settings, and using those methods to

better understand students, and the settings which they learn in1. It is

characteristic to EDM that the research is data-driven and uses statis-

tical, machine-learning or data-mining algorithms to answer educational

questions [Romero and Ventura, 2010]. EDM has been applied for ex-

ample, to predict students’ achievement during courses [Minaei-Bidgoli

1International Educational Data Mining Society,
http://www.educationaldatamining.org/, accessed 2015-03-01

12
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et al., 2003], to identify at-risk students [Dekker et al., 2009] and to iden-

tify misconceptions [Sirkiä and Sorva, 2012].

Digitalization and the possibility to analyze students’ behavior provides

new opportunities from the students’ point of view as well. Some instruc-

tional tasks can be automated. For instance, some types of exercises can

be assessed automatically in order to provide immediate feedback [see

Carter et al., 2003; Ihantola et al., 2010], students may receive reminders

of deadlines [Chen et al., 2008], suggestions on what learning activities

to perform next [Kosba et al., 2005], or warnings if they exhibit signs

that predict failure [Arnold and Pistilli, 2012]. The automated monitor-

ing and analysis of student data makes it possible to provide personalized

real-time guidance for students regardless of the number of students and

where and when they are studying. A feedback loop is formed where stu-

dents study and leave traces in the system logs, the log data is analyzed,

and the results are fed back to students as feedback that guides their

subsequent activities. Ultimately, such analytics could enable adaptive

feedback where the system automatically analyzes student characteris-

tics and provides each individual student with the optimal amount and

type of feedback [Vasilyeva et al., 2007].

In this thesis, we study ways to support self-regulated learning in online

learning environments by means of educational technology. Specifically,

we are interested in closing the feedback loop, i.e. analyzing the log data

that the learning environments collect and feeding it back to students in

order to support self-regulation.

1.2 Scope and field

McKeachie et al. [1986] categorize learning strategies into the following

categories:

• Cognitive Strategies: Rehearsal, Elaboration, Organization

• Metacognitive Strategies: Planning, Monitoring, Regulating

• Resource Management: Time, Environment, Effort, Support of

Others

This thesis focuses on supporting metacognitive strategies. The focus

is on study habits and high level study planning rather than the sub-

ject matter and domain-specific strategies. Time resource management is

touched upon in conjunction to monitoring time usage.

The field of this thesis is educational technology, which is inherently
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an interdisciplinary field. The studied interventions are typically tech-

nological, but because the goal is to influence human subjects, theoreti-

cal frameworks from educational psychology are needed. This thesis is

located nearer the technical side of the field, with an emphasis on soft-

ware engineering and a touch of educational psychology. We study tech-

nologies that could potentially be beneficial for supporting self-regulation,

and evaluate their effectiveness in the light of frameworks borrowed from

educational psychology. However, this thesis does not take part in the dis-

cussion of the validity of those frameworks or propose new psychological

theories.

The studies in this thesis have been conducted in university-level courses

and the discussion is focused on higher education. The focus is on the

behavior of university students taking part in formal courses, although

some of the results may apply more generally to learners in more infor-

mal learning settings. For the sake of simplicity and consistency, we will

refer to the subjects as students throughout the text.

Most of the experiments have been conducted in computer science (CS)

courses. However, the studied technologies are not specific to CS and we

try to generalize the results to apply to other online learning environ-

ments that utilize comparable teaching methods. Computer science edu-

cation was chosen as the research environment because it utilizes cutting-

edge technologies, such as automatic assessment, which produce rich log

data for analysis.

Because the studies have been conducted in the context of computer sci-

ence education, this thesis can be thought to represent computer science

education research (CSER) as well as educational technology in general.

Fincher and Petre [2004] categorize research in the CSER field into ten

areas: investigation of student understanding, animation/visualization/

simulation systems, teaching methods, assessment, educational technol-

ogy, the transfer of professional practice into the classroom, the incor-

poration of new developments and new technologies into the classroom,

transferring from campus-based teaching to distance education, recruit-

ment and retention of students, and the construction of the discipline.

This thesis explores three of those areas: First, visualizations are used

to support planning by conveying the structure of the curriculum to stu-

dents, and self-monitoring by showing visualizations of students’ behavior

to themselves. Second, transferring from campus-based education to dis-

tance education could be seen as the whole motivation of this work. This
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transition creates challenges (the need to independently regulate learn-

ing) as well as possibilities (analytics, automation) that are explored in

this thesis. Finally, Fincher et al. note that educational technology has

received a lot of attention in CSER because computer scientists have the

ability to create their own systems. This is the case in this thesis as well.

We study custom-built tools that are enhancements to our own learning

environments that have been created in-house.

The focus of this research is on an individual students’ interactions

with the learning environment, while the social aspects are left outside

of the scope. We do not study the interactions between the students, or

between the teacher and the students. The learning environments that

provided the research environment for these studies contain automati-

cally assessed exercises completed individually, but offer very little sup-

port for computer-supported collaborative learning or facilities for com-

munication. Communication certainly happens between students, e.g. in

the form face-to-face discussions or pair work, but it was not recorded and

therefore not available for analysis.

1.3 Research questions

This research was motivated by a practical need to create online learning

environments and tools for students. The high number of students partic-

ipating in our courses has made it difficult to provide personal guidance

for all of them, and has turned us to seek ways to automate some instruc-

tional tasks. Online learning environments and the learning analytics

that they make possible provide a way to offer better learning experiences

for students despite of the limited staff resources. This research focuses

on methods and technologies that are scalable and can operate with little

intervention from a human operator.

This thesis includes two main lines of research: supporting study plan-

ning and supporting students’ monitoring of their learning. Study plan-

ning refers to the high-level plans of which major, minor and elective

courses a student chooses.

Anecdotal evidence suggested that many students did not take study

planning seriously but selected courses in the beginning of each semester

based on what sounded interesting or what their friends were taking.

They did not seem to worry if the selected courses formed meaningful

wholes or were in any way connected to their career goals or other high-
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level goals. Hewner [2014] made a similar observation that many stu-

dents choose courses without any specific goals in mind. Another common

concern is that some students have difficulties perceiving the importance

of some of the mandatory courses. Especially the basic courses are of-

ten quite abstract and their connections to the practice, and therefore to

the high-level career goals of the student, are difficult to see. Obviously,

this can have a negative impact on motivation [Carlson et al., 1997]. The

common denominator of these issues seems to be that there is a gap be-

tween the study plans and the students’ goals when ideally, they should

be seamlessly connected. This leads to the first research question:

RQ 1 How to support study planning so that the connections between the

courses and the students’ high-level goals become visible?

To address this issue, we created a proof-of-concept tool that models how

the topics of the courses connect to each other and to the high-level goals

of the programs that the student has selected as goals. This structure

is visualized to the student to reveal the learning paths that are formed

between the course topics and the student’s goals. Visualizations of con-

cept maps representing domain knowledge have previously been used in

intelligent tutoring systems and adaptive learning environments that are

designed to deliver learning materials and assignments in specific courses

or topics [see Mazza et al., 2009]. However, to our knowledge, detailed

concept maps and their visualizations have not been used for entire de-

gree programs in order to support study planning. Our goal is to study

if modeling an entire university-level curriculum at the level of learning

outcomes is feasible and whether visualizations of that model are useful

for students.

The other line of research explores supporting self-monitoring. For sev-

eral years, we have offered computer science students automatically as-

sessed homework exercises that they complete online. However, we have

observed that some students exhibit undesired study habits. It is common

to submit exercises at the last minute, which is a sign of procrastination.

Furthermore, some students seem to misuse the automatic assessment by

repeatedly requesting feedback while making small adjustments to their

solutions. It seems that they utilize a trial-and-error approach instead of

thinking the solutions carefully through and checking before submitting.

To mitigate these issues, we have implemented interventions that aim to

increase students’ awareness of their own study habits. We hypothesize
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that drawing the students’ attention to these issues might help them to

steer their own behavior away from the harmful habits. In self-regulated

learning terms, we support self-monitoring. The second research ques-

tion acts as an introduction to these studies by asking whether bad study

habits are a common problem and whether they actually have an impact

on performance.

RQ 2 How common are bad study habits in online learning environments

and how do they impact performance?

In this thesis, we have evaluated two interventions that try to mitigate

the issues: rewarding students with achievement badges and showing

them visualizations of their own behavior. Achievement badges are a form

of gamification, and they simply reward the student for utilizing beneficial

practices such as submitting early or avoiding unnecessary submissions.

The badges in themselves have no material value. They are colorful icons

that appear in the learning environment to signify achievements but have

no effect on the grade. Visualizations, on the other hand, show to students

how they are currently behaving, and what kind of performance such be-

havior has predicted in the past courses. The interventions differ from

each other in that achievement badges reward for desired behavior and

give explicit goals for students, whereas visualizations warn students if

their behavior predicts poor outcomes. Research questions 3 and 4 inves-

tigate the effectiveness of these interventions compared to control groups

without them.

RQ 3 How do achievement badges affect students’ behavior and perfor-

mance?

RQ 4 How do visualizations of students’ behavior affect their behavior and

performance?

The last research question asks if the interventions work equally well

for all students or do some kinds of people respond more strongly to badges

or visualizations. We study how students with different achievement goal

orientations, i.e. preferences to intrinsic, extrinsic and other goals, re-

spond to the interventions. Furthermore, we are interested in whether

the interventions are more effective on high or low performing students.

RQ 5 How do individual differences, in terms of goal orientation or perfor-

mance, affect students’ responses to the badges or visualizations?
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1.4 Methodology

This thesis takes a positivist approach to research. Cohen et al. [1997]

characterize that positivism considers knowledge to be something hard,

objective and tangible, while the opposite school, anti-positivism consid-

ers knowledge as something personal, subjective and unique. In posi-

tivism, according to Cohen et al., human behavior is thought to be gov-

erned by universal laws and characterized by underlying regularities,

while in anti-positivism, the social world can be understood only from

the standpoint of the individuals who are part of the ongoing action.

In the second part of the thesis, supporting self-monitoring, we focus

on students’ behavior and study habits in online learning environments.

We assume that there are causal connections between their behavior and

performance. For example, starting to do exercises at the last minute can

be expected to impair performance. We try to affect students’ behavior

by interventions (badges or visualizations), and assume that certain kind

of feedback has, in general, a certain impact on their behavior or perfor-

mance. The size of the impact is evaluated using controlled experiments

where randomly selected students are exposed to the intervention while

others use the unmodified learning environment. This reveals whether

the intervention has, on average, a positive influence on students and

whether it is worth using in the future. We do not, however, assume that

the interventions should have the same effect on every student. It is ex-

pectable that there are different types of students who respond to differ-

ent kinds of feedback. However, we assume that these differences follow

regularities that can be modeled. If these assumptions do not hold then

the interventions have unpredictable effects on different students, and it

is meaningless to study the average effects on students using statistical

methods. In this case, any observed statistically significant differences

would be due to chance. A more likely result, however, would be to find no

significant differences between treatment and control.

The research methods are mainly quantitative. We characterize stu-

dents’ behavior by numbers calculated from the log data that the learning

environments collect, and evaluate their performance by how many points

they earned from the exercises. There are, of course, questions that these

positivist, quantitative research methods cannot answer. These methods

are best suited for confirming hypotheses and confirming phenomena that

we are expecting to see. For example, based on anecdotal evidence and the
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literature, we expect students to have certain bad study habits. We can

then look for signs of these habits from existing log data, design interven-

tions that try to affect their behavior, and evaluate the interventions with

controlled experiments. However, we cannot answer the question "what

kinds of study habits exist?" It is, of course, possible to analyze log data

in an exploratory way, but we are nevertheless limited to observing the

metrics that we expected to reveal something interesting and to be worth

calculating. To chart phenomena without wanting to specify pre-defined

hypotheses, qualitative research methods would be more appropriate and

instead of controlled experiments we could, for example, interview stu-

dents or staff.

Similarly, in evaluating the effects of the interventions, we are limited

to observing the metrics describing students’ behavior and performance

that we expected to be worth monitoring. To chart all the effects that the

interventions have on students (perhaps on mood, stress, well-being etc.),

qualitative research methods might reveal information about variables

that are not present in the numerical data. In this thesis, we conduct

some light qualitative analysis of students’ open-ended feedback about the

interventions in order to triangulate that students report the same effects

that we observe in the log data. This helps to ensure that the observed

effects are not simply statistical flukes. However, because the goal was

to develop technologies that can be automated, quantitative analysis was

chosen as the main focus.

Another caveat in quantitative research is the treatment of outliers. In

statistical analyses, they are a nuisance that undermine statistical power.

However, in the real world, there is a reason for the behavior of every out-

lier. In the worst (or best) case, something in our treatment may have

caused some students to behave in an extreme way. Furthermore, re-

searching the outliers might reveal phenomena that we were not aware

of because they differ from the norm. In this thesis, we choose to study

the average behavior of the masses and acknowledge that there may be

phenomena that are missed by the selected research methods. Further

research and triangulation with other research methods are left as future

work. For example, students’ study planning or studying habits could be

investigated by conducting interviews, and the effectiveness of visualiza-

tions could be investigated by means of usability testing.
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1.4.1 Design science

The other line of research in this thesis, supporting study planning, repre-

sents design science. Hevner et al. [2004] characterize that design science

(in the context of information systems research) seeks to extend the bound-

aries of human and organizational capabilities by creating new and inno-

vative artifacts. Design science research involves two processes: build-

ing and evaluation. The building process produces artifacts that solve an

identified problem. The artifacts can be constructs, models, methods and

instantiations. The evaluation process, in turn, assesses the utility of the

artifacts. Evaluation methods can range from formal mathematical proofs

to empirical and qualitative methods.

Hevner et al. [2004] present eight guidelines for conducting design sci-

ence research:

1. The research must produce an artifact (construct, model, method or

instantiation).

2. It must produce a technology-based solution to an important and

relevant problem.

3. The utility, quality and efficacy of the artifact must be evaluated.

The criteria may include e.g. functionality, completeness, consistency,

accuracy, usability, fit with the organization, etc.

4. The research must provide research contributions. The contribution

can be the artifact itself, which provides a solution for a previously

unsolved problem, or the research may produce new knowledge.

5. Rigorous methods must be applied in construction and evaluation.

This can mean e.g. formalism in describing the constructed arti-

fact and the use of appropriate theoretical foundations and research

methods.

6. Design as a search process: Design science uses iterative processes,

such as generate/test cycles to search for an effective artifact.

7. Research must be communicated to technology-oriented and man-

agement-oriented audiences so that the artifact can be implemented

and used by others.

In this thesis project, we created a novel system to support study plan-

ning. We had anecdotal and literature evidence that students’ study plan-

ning was not optimal and designed a system that enables a new way of

constructing study plans. The importance and relevance of the problem is
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discussed in Sections 2.1 and 3.1. We created a software artifact, a proof-

of-concept system which shows that the concept is feasible. The system

was evaluated in a pilot study where students used the system to plan

their studies. The evaluation included a controlled experiment where half

of the students were shown interactive curriculum visualizations and the

other half saw the same information in a traditional textual format. We

evaluated the utility of the tool by analyzing the log data and a survey to

see if students with visualizations used the system differently, and how

much they utilized the visualizations. The design principles and the re-

sults of the evaluation are published in Publication I, and the system was

published as open source software.

1.5 Structure of this thesis

This thesis contains five studies that correspond to the five publications

(PI–PV). In the first study (labeled PLANNINGTOOL), we evaluated the

proof-of-concept study planning tool. In the second study (STUDYHABITS),

we studied what harmful study habits can be observed in old log files

from our learning environments. In the third study (BADGEEFFECT),

we evaluated the effect of achievement badges, and in the fourth study

(BADGEGOALORIENTATION), the relationship between students’ goal ori-

entations and their response to achievement badges. Finally, in the fifth

study (VISUALIZATION), we evaluated the effect of visualizing students’

behavior.

All of the studies were conducted in Aalto University, Finland. The

PLANNINGTOOL was pilot-tested by the freshmen of the Bachelor’s pro-

gram of the School of Engineering. The rest of the studies were con-

ducted in the Basics of Programming and the Data Structures and Al-

gorithms (DSA) courses that are bachelor’s level introductory computer

science courses. The studies are summarized in Table 1.1, and Table 1.2

illustrates how the publications address the research questions.

The rest of the thesis is structured as follows: Chapter 2 introduces self-

regulated learning theories that form the theoretical framework within

which the studies are discussed. Chapter 3 presents previous work re-

lated to the studies. Chapter 4 summarizes publication PI and answers

RQ 1 about study planning. Chapter 5 summarizes the results from PII–

PV and answers RQ 2–RQ 5 that are related to self-monitoring. Finally,

Chapter 6 discusses how the results can be interpreted and how they align

with the theoretical framework and previous work.
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Table 1.1. Overview of the publications and studies in this thesis. DSA = Data Structures
and Algorithms.

Publication, study Research setting Context N

PI,

PLANNINGTOOL

study planning tool School of Engineering

(2014)

110

PII,

STUDYHABITS

retrospective analysis of

study habits from log data

Programming course

(2011–2013) +

DSA course

(2008–2011)

1777

+

1522

PIII,

BADGEEFFECT

badges, controlled experiment DSA course (2012) 281

PIV, BADGE-

GOALORIENTATION

badges, goal orientation survey DSA course (2013) 278

PV,

VISUALIZATION

visualizations, controlled exper-

iment, goal orientation survey

DSA course (2014) 215

Table 1.2. Research questions vs. publications.

PI PII PIII PIV PV

RQ 1 •
RQ 2 •
RQ 3 • •
RQ 4 •
RQ 5 • •
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2. Theoretical Framework

This chapter introduces some existing self-regulated learning theories

and related work which provide the theoretical background for discussing

and interpreting the results of our studies and position this work in the

field. Self-regulated learning (SRL) can be defined as a process whereby

learners personally activate and sustain cognitions, affects, and behaviors

that are systematically oriented toward the attainment of personal goals

[Zimmerman and Schunk, 2011]. Control over cognition refers to metacog-

nition, i.e. student’s ability to regulate their thinking, which is by defini-

tion a central component of self-regulated learning. Control over affect

refers to the ability to handle emotions (e.g. frustration, disappointment,

pride) that studying involves. Control over behavior is required to ac-

tually perform the required learning activities. Finally, goal-setting is a

central aspect of self-regulated learning because students’ goals are not

always oriented towards learning but instead, they may be oriented to-

wards avoiding work or other aspects such as competition among peers.

Highly cited theories of self-regulated learning include Butler and Winne

[1995]; Winne and Hadwin [1998] which emphasizes the relation between

feedback and self-regulated learning, Pintrich [2000] which emphasizes

the role of motivation, Boekaerts [1999]; Boekaerts and Niemivirta [2000]

which focuses on the role of context and student’s goals on SRL, and Zim-

merman [2000]; Zimmerman and Moylan [2009] which emphasizes the

cyclical nature of the self-regulated learning process. The models agree

that SRL includes phases such as planning before learning, monitoring

during learning and reflecting after learning, but they differ in terminol-

ogy, emphasis and details.

In this thesis, we utilize Zimmerman’s [2009] model because it empha-

sizes the interaction between the phases of SRL, and thus underlines the

importance of goal-setting for the success of learning. We also use Butler
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and Winne’s [1995] model because we are interested in using feedback to

support SRL. A more comprehensive version which also includes aspects

such as task conditions (resources, instructional cues, time, social context)

and cognitive conditions (beliefs, domain knowledge, knowledge of study

tactics, etc.) is presented in Winne and Hadwin [1998]. However, those

aspects are not central in this thesis.

The rest of this chapter is organized as follows: Section 2.1 summarizes

Zimmerman’s cyclical model of self-regulated learning. Section 2.2 sum-

marizes Buter and Winne’s model of self-regulated learning. Section 2.3

gives an overview of goal orientation theory. Section 2.4 discusses ways

to measure self-regulation. Sections 2.5–2.7 give an overview of evidence

that self-regulated learners are better, that not all students are naturally

good at self-regulating, and that self-regulation can be fostered. Finally,

Section 2.8 summarizes the chapter.

2.1 Zimmerman’s model of self-regulated learning

Zimmerman’s [2009] cyclical model of self-regulated learning explains how

the phases of self-regulation, forethought, performance and self-reflection,

interact with each other (see Figure 2.1). The model is used in this thesis

to underline that goal-setting is an integral part of self-regulated learn-

ing, and failing to appropriately set goals impairs the subsequent phases

as well.

In the forethought phase, students analyze the learning task at hand,

set goals, and plan how to complete the task. In the task analysis step,

students establish goals based on assessment criteria and their perfor-

mance level goals. The motivation to perform the task is affected by stu-

dents’ beliefs in their abilities, expectations of success, the value that the

task has in relation to students’ goals, and their goal orientations (i.e.

preferences towards different goals such as learning, outperforming oth-

ers or avoiding work).

Self-efficacy is the belief of being capable to perform the task. Low self-

efficacy decreases motivation because the student expects the effort to

lead to a failure, whereas high self-efficacy motivates the student to over-

come obstacles during learning because obstacles are perceived as sur-

mountable. Outcome expectations are beliefs about the success at the

task. They differ from self efficacy in that self-efficacy is the student’s

belief in him/herself, whereas outcome expectations depend on external
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Performance Phase

Forethought Phase Self-re ection Phase

Metacognitive monitoring

Self-control

Self-observation

Self-judgment

Self-reaction

Task analysis

Self-motivation beliefs

Self-recording

Self-evaluation
Causal attribution

Self-satisfaction/a ect
Adaptive/defensive

Goal setting
Strategic planning

Self-e cacy
Outcome expectations

Task interest/value
Goal orientation

Task strategies
Self-instruction
Imagery
Time management

Environmental structuring
Help-seeking
Interest incentives
Self-consequences

Figure 2.1. Zimmerman’s cyclical model of self-regulated learning [Zimmerman and
Moylan, 2009].

factors that are not in the student’s control, for example, resources that

are at the student’s disposal. Task value refers to the value that the task

has for the student’s goals. Students are more motivated and apply more

learning strategies if the task is perceived useful and connected to per-

sonal goals. Finally, goal orientation refers to the purpose and motivation

for engaging in learning. Goals are often categorized into learning goals,

i.e. the goal of acquiring mastery of the material, performance goals, i.e.

the goal of performing well relative to peers, and work avoidance goals,

i.e. the goal of minimizing effort.

In the performance phase, students must employ self-observation

and self-control strategies in order to track progress towards the goals and

maintain motivation. To that end, they may employ a metacognitive mon-

itoring (i.e. self-monitoring) strategy by comparing their activities during

learning to external criteria. Another strategy is self-recording the ac-

tivities for later analysis and reflection. For example, keeping learning

diaries may help students to reflect on their learning processes later.

To maintain motivation and concentration, students must employ self-

control strategies. Metacognitive self-control strategies that help to main-

tain concentration include the following: Task-strategies are specific task-

specific strategies such as underlining text to support retrievability. Self-

instruction strategies are self-directed orders and verbalizations, such as

asking questions from oneself during studying. Imagery is the use of men-

tal images to organize information and enhance memorization. Students

must employ time management strategies by reserving enough time for
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tasks in order not to impede outcome expectations. They can organize

a structured learning environment, for example, by arranging an envi-

ronment with less distractions and acquiring all the necessary learning

materials beforehand. Help seeking strategies are needed to overcome

obstacles that the students cannot bypass by themselves. Help seeking

strategies are considered self-regulation strategies because some students

may be reluctant to seek help or seek too much help in order to avoid the

task, both of which are ineffective learning strategies. Motivational self-

control strategies that help to maintain interest and motivation include

incentives and self-consequences. Incentives are self-directed messages

and verbalizations that remind of the goal and encourage to continue.

Self-consequences are self-praise of self-rewards that students can set for

themselves to maintain motivation.

In the self-reflection phase students judge their work and react to

success or failure with positive or negative emotions. Self-judgment con-

sists of self-evaluation and causal attribution. Self-evaluation is students’

assessment of their own performance based on the assessment criteria

and personal goals. Self-evaluations are always affected by the students’

goals because the same results can be disappointing or satisfactory de-

pending on whether the goal was merely to pass the task or excel at it. If

the assessment criteria or detailed feedback are not available, this step of

self-reflection is obviously hampered because students cannot sufficiently

evaluate their own performance. Causal attributions are students’ expla-

nations to themselves about the reasons of success or failure at the task

(e.g. ability, effort, luck, support from others). These attributions, in turn,

trigger emotions which affect motivation and expectations in the future.

Self-reaction refers to how students react to their own self-judgments.

Self-satisfaction and affect influence students’ motivations towards the

task in the future. Students also make adaptive/defensive decisions. A

student making adaptive decisions is willing to try the task again in the

future either using the same strategies or exploring new ones. In con-

trast, a student making defensive decisions may experience apathy and

lack of interest, and try to avoid the task in the future in order to avoid

experiencing new failures. The model is cyclical: self-judgments in the

self-reflection phase influence self-efficacy, outcome expectations and task

value in future forethought phases.

Zimmerman’s model is used in this thesis to illustrate how goal-setting

(covered in the first line of research in this thesis) is related to self-mon-
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itoring and self-reflection (covered in the second line of research). The

first line of research in this thesis explores study planning which can be

seen as high-level goal setting. Students’ goals are central in all phases

of Zimmerman’s model. In the forethought phase, the student evaluates

the value of the tasks in the light of the goals. In the performance phase,

the student monitors progress towards the goals, and keeping the goals in

mind influences motivation. In the self-reflection phase, the student com-

pares performance to the goals which affects self-judgments, self-efficacy,

outcome expectations and task value in future cycles. Well planned career

on curriculum level goals could ideally be reflected on the fine-grained

goal setting at the course level. The student’s high-level goals determine

the value of the topics of each course for reaching the competences that

the student aims for.

2.2 Butler and Winne’s model of self-regulated learning

Butler and Winne’s [1995] model of self-regulated learning states that

feedback is an inherent catalyst for self-regulation. Students often re-

ceive feedback after a task such as an exam or an essay. However, such

feedback arrives too late to support the student’s self-regulation during

the task and affect the outcome. Thus, external feedback during learning

is essential for self-regulation, as it supports internal monitoring of the

learning process. In Butler and Winne’s model, self-regulated learning

consists of the following phases (see Figure 2.2):

• Student constructs an interpretation of the task’s properties and re-

quirements based on prior beliefs and knowledge.

• Student sets goals.

• Student applies learning strategies and tactics, both mental and be-

havioral. These may include strategies such as rehearsing to im-

prove retrievability, elaborating to enhance meaningfulness, orga-

nizing to expose structure, etc.

• Student monitors the learning process which generates internal feed-

back that directs subsequent engagement, and leads to updated goals

and adjusted strategies.

• External feedback may confirm or conflict with student’s internal

feedback and interpretation of own performance.
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Figure 2.2. Butler and Winne’s model of self-regulated learning [Butler and Winne,
1995]. c©Sage Publications.

• Monitoring may alter student’s knowledge and beliefs which influ-

ences subsequent self-regulation, thus closing the feedback loop.

Monitoring is based on task cues, which are any attributes or pieces

of information that can be used to predict performance. For example,

the number of chapters read from a book or the amount of time spent

for studying are task cues that are available for the student and have

predictive value for performance. External feedback, for example the

scores from a quiz, act as cues as well. Student is said to be well cali-

brated if his/her own prediction of performance based on the cues is in

line with their actual implications. Calibration is poor for example, if a

student overestimates own knowledge and stops studying even though the

reached knowledge level does not correspond to the goals of the student.

Good calibration is therefore essential for the success of self-regulation.

Butler and Winne define monitoring as the cognitive process that eval-

uates the learning process in relation to goals and produces internal feed-

back which guides future actions. The monitoring process takes the goals

and the student’s perception of performance (based on task cues) as in-

puts and produces their difference as the output. For example, if a stu-

dent notices that she did not properly understand an important chapter,

this internal feedback leads her to utilize a strategy such as repeating the

chapter. This illustrates that in order for the internal feedback to be ac-

curate, the student must be well-calibrated and able to correctly interpret

own performance based on task cues. Butler and Winne note that moni-
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toring is not always conscious. It can also be intuitive and the task cues

can be implicit or subconscious.

Externally provided feedback supports monitoring by providing task

cues. Butler and Winne divide external feedback into two categories:

outcome feedback and cognitive feedback. Outcome feedback is domain-

specific feedback that says if the answer is correct or not, but does not

give much guidance to support self-regulation. Cognitive feedback (term

proposed by Balzer et al. [1989]), on the other hand, is feedback that helps

the student to link task cues with achievement and thus improves calibra-

tion.

In Butler and Winne’s model, cognitive or behavioral products are cre-

ated by three sequential events: perceiving task conditions, selecting goals

and applying strategies and tactics. Information about any of these events

can act as a task cue. Thus, feedback about any of these events and their

relationship to performance can enhance calibration.

In summary, Butler and Winne’s model predicts that self-regulated learn-

ing can be enhanced by providing students with external feedback that

improves their understanding of their own performance. Especially, the

feedback should be designed to help the students to align their own per-

ception of performance with the actual performance, i.e. improve calibra-

tion. Furthermore, this should happen during learning so that students

can adjust their strategies and tactics while it can still have an effect on

the outcomes.

Feedback can have other functions than improving calibration as well.

According to Kulhavy and Wager’s [1993] feedback triad, feedback usu-

ally acts as motivation, reward or information. Vasilyeva et al. [2007]

extend this taxonomy and state that feedback can be confirming, inform-

ing, correcting, explaining, evaluating, rewarding, motivating, criticizing,

or attracting attention. In Butler and Winne’s model, the role of feed-

back is informing. It tells the student about the gap between perceived

and actual performance. In the VISUALIZATION study, feedback has the

same role, as it tells the students about their current and predicted per-

formance. In the BADGEEFFECT study, on the other hand, the role of

feedback is to motivate students by offering goals and to reward them

for reaching goals. Although the two interventions have the same aim,

drawing students’ attention to study habits, they can be expected to in-

fluence students through different mechanisms. We may expect that they

are effective in different situations and on different students.
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2.3 Goal orientation

Goal orientations can be defined as purposes that people engage in achieve-

ment behavior [Kaplan and Maehr, 2007]. Rather than focusing on what

people try to achieve, goal orientation characterizes the individual’s mo-

tivation to try to achieve various objectives. Goal orientation theory can

be applied in many areas of life and it has been widely used to explain

students’ motivations to different academic tasks.

Different schools of goal orientation researchers disagree with the exact

number and definitions of goal orientations but most make a distinction

between mastery and performance goals [Ames, 1992]. Mastery goals refer

to students’ strive to develop competence, learn and understand. Perfor-

mance goals, on the other hand, refer to the strive to demonstrate com-

petence, perform well relative to others and appear competent [Nicholls,

1984; Dweck, 1986].

Goals are often divided into approach and avoidance valences [Elliot

and Harackiewicz, 1996; Midgley et al., 1998]. Performance-approach ori-

entation refers to the strive to appear competent whereas performance-

avoidance refers to the strive to avoid appearing incompetent. Some re-

searchers also divide mastery goals into mastery approach and mastery

avoidance [Elliot and McGregor, 2001], where mastery avoidance refers

to avoiding failure to master the task. Because some students are not en-

gaged in learning or aiming to succeed in their studies, it is necessary to

separate a work-avoidance goal [Nicholls et al., 1985], which refers to the

aim of minimizing the effort used for studying.

Mastery goals have been shown to be associated with positive outcomes

such as self-efficacy, persistence, preference for challenge, self-regulated

learning, positive affect and well-being [Kaplan and Maehr, 2007]. Mas-

tery-oriented students are found to engage in deeper learning strategies

and have higher intrinsic motivation [Grant and Dweck, 2003], and study

more strategically [Pintrich and De Groot, 1990]. A meta-study by Utman

[1997] on experiments where students’ motivational states were manipu-

lated to elicit mastery or performance goals suggests that mastery goals

lead to better performance than performance goals. The differences were

stronger in more complex tasks and for older students.

Performance-approach goals have been associated with positive outcomes

such as persistence and positive affect as well as negative outcomes such

as anxiety, disruptive behavior and low retention of knowledge [Kaplan
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and Maehr, 2007], and emotional exhaustion and stress [Tuominen-Soini

et al., 2008]. Performance-approach has been observed to contribute to

performance [Harackiewicz et al., 2002; Linnenbrink-Garcia et al., 2008],

although Midgley et al. [2001] argue that aiming to optimize grades may

not necessarily contribute to deep learning even if the achieved grades are

high.

Performance-avoidance goals are generally associated with negative out-

comes such as anxiety, low efficacy, avoiding help-seeking, academic self-

handicapping [Urdan et al., 2002], low self-esteem, depressive symptoms,

emotional exhaustion, cynicism, inadequacy and stress [Tuominen-Soini

et al., 2008]. Performance-avoidance goals have been observed to have a

small negative correlation with performance [Urdan et al., 2002; Payne

et al., 2007]. Work-avoidance goals have been associated with a negative

pattern of cognition, affect, and behavior [Kaplan and Maehr, 2007].

Some studies suggest that the combination of goals plays a role. Stu-

dents with mastery and performance goals have been observed to perform

better than students with only mastery goals [Bouffard et al., 1995; Pin-

trich, 2000; Harackiewicz et al., 2002]. Students with avoidance orien-

tation, or low mastery- and low performance-orientation are considered

to have the least adaptive profiles of motivation and learning [Bouffard

et al., 1995; Pintrich, 2000; Daniels et al., 2008; Tuominen-Soini et al.,

2008].

In the BADGEGOALORIENTATION and VISUALIZATION studies, we mea-

sured students’ achievement goal orientations using questionnaire instru-

ment by Niemivirta [2002] which distinguishes between five goal orien-

tations: mastery-intrinsic, mastery-extrinsic, performance-approach, per-

formance-avoidance and avoidance (i.e. work avoidance). Mastery-intrinsic

oriented students strive to study for the sake of learning, while mastery-

extrinsic students aim to develop mastery but evaluate success against

extrinsic measures such as grades or feedback from the teacher. The in-

strument has previously been used to study the relationship between goal

orientation and students’ well-being [Tuominen-Soini et al., 2008, 2012],

the stability of students’ goal orientation profiles [Tuominen-Soini et al.,

2011; Pulkka and Niemivirta, 2013a], the effect of goal orientation on

students’ perceptions of their learning environment [Pulkka and Niemi-

virta, 2013b], the relationship between goal orientation and performance

[Pulkka and Niemivirta, 2013c], and the relationship between goal orien-

tation and students’ situational interest [Tapola et al., 2014]. Niemivirta’s
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instrument was selected because intrinsic and extrinsic motivations are

relevant when studying achievement badges, which add extrinsic goals

and rewards to the learning process.

2.4 Measuring self-regulation

Winne and Perry [2000] divide measures of self-regulation into aptitude

measures and event measures. In aptitude measures, a student’s ten-

dency to self-regulate is seen as a relatively stable, trait-like construct.

In event measures, on the other hand, self-regulation is seen as a dynamic

construct that varies in different contexts and situations. Event mea-

sures quantify the student’s self-regulation events during specific learn-

ing tasks whereas aptitude measures describe how typical it is for the

student to generally engage in self-regulation.

Aptitude measures are typically self-report scales that the students an-

swer retrospectively. They contain declarations such as "When work is

difficult, I either give up or study only the easy parts" [Weinstein et al.,

1987] or "I make good use of my study time for this course" [Pintrich et al.,

1993]. Students rate how typical the described behavior is for them or how

often they engage in different strategies. Some often used instruments are

Learning and Study Strategies Inventory (LASSI) [Weinstein et al., 1987],

Motivated Strategies for Learning Questionnaire (MSLQ) [Pintrich et al.,

1993], Online Self-Regulated Learning Questionnaire (OSLQ) [Barnard

et al., 2008], and Self-Regulated Learning Interview Scale (SRLIS) [Zim-

merman and Pons, 1986].

LASSI is designed to measure the use of learning and study strategies.

Its sub-scales include skill (concentration, selecting main ideas and in-

formation processing), will (motivation, attitude and anxiety) and self-

regulation (time management, study aids, self-testing and test strate-

gies). MSLQ is designed to assess students’ motivational orientations and

their use of different learning strategies. Its sub-scales include learning

strategies (cognitive, metacognitive, resource management), and motiva-

tion (valuing, expectancy, affect). OSLQ is designed to asses SRL strate-

gies that are important in online learning. Its sub-scales include environ-

ment structuring, goal setting, time management, help seeking, task strate-

gies and self-evaluation. SRLIS is a structured interview where students

are asked to respond to six different problem contexts, such as preparing

for a test or writing an essay. The reported strategies are then coded into
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motivation, metacognition and behavior related categories. All of these

instruments are retrospective and rely on self-reports.

Event measures quantify self-regulation during learning tasks. Com-

monly used methods are direct observations, think-aloud protocols, mi-

croanalysis methods, structured diaries and trace methods [Winne and

Perry, 2000].

In the direct observation method [e.g. Perry et al., 2002] the researcher

observes students in a learning environment such as a classroom and

records occurrences of self-regulation. The strength of the method is that

there is no response bias and the measurements are immediate instead

of retrospective. Think-aloud protocols [e.g. Azevedo et al., 2005] can be

used to acquire a more detailed view of the though processes of a student

during learning. In this method, the researcher sits next to a student and

ask him or her to continuously explain the thoughts and actions. Tran-

scripts are then coded in order to categorize the used strategies. Micro-

analysis methods are a "highly specific or fine-grained form of measure-

ment that targets the behaviors or processes as they occur in real time

across authentic contexts" [Cleary, 2011]. They differ from think-aloud

protocols in that microanalysis typically involves highly structured ques-

tions whereas think-aloud protocols are more free-form. In microanalysis,

the researcher sits next to student and presents questions about specific

self-regulatory processes (e.g. "What do you need to do accomplish these

goals?"). The transcripts are then coded and scored using rubrics to cate-

gorize the strategies.

In direct observations, think-aloud protocols and microanalytic meth-

ods, students are observed during learning activities which makes these

studies laborious to conduct with a large number of students. Structured

diaries [e.g. Schmitz and Wiese, 2006] have been used to collect data about

self-regulation without requiring the researcher to be present during the

learning task. They are comparable to self-report scales in that both rely

on self-reports and are retrospective, but structured diaries allow infor-

mation to be collected from specific learning tasks instead of the student’s

general behavior.

Evidence of self-regulation strategies can also be collected by analyzing

traces that students naturally leave in the learning environment or the

learning materials. Traditionally, these traces could be for example un-

derlinings in book or markings on a draft paper. However, digital learning

environments make it possible to record detailed activities, such as what
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materials the student viewed, how did they scroll the pages, what did they

click, etc. The strength of trace measures is that they are unobtrusive, i.e.

do not interfere with the learning process or alter it, and that the mea-

sures are not susceptible to reporting biases in contrast to self-reports.

The accuracy and validity of retrospective self-reports can be question-

able because students may not be able to remember accurately their past

actions, and they do not necessarily answer honestly [Winne and Perry,

2000; Winne and Jamieson-Noel, 2002]. Students may misjudge their own

behavior or knowingly or subconsciously give biased answers. Winne and

Jamieson-Noel [2002] studied the accuracy of self-reports by comparing

them to trace measures. College students were instructed to indepen-

dently study a science concept on a computer, and then perform a self-

evaluation of performance and answer a questionnaire about the use of

self-regulation strategies. These were compared to a post-test and trace

measures recorded by the computer. The authors found that students

were slightly overconfident but generally quite accurate in judging their

performance. However, students significantly overestimated their use of

self-regulation strategies. The result illustrates that students may have

a very skewed view of their own behavior. However, Winne and Perry

[2000] suggest that the safest way to measure self-regulation would be

triangulation using multiple different measures.

2.5 Self-regulation and academic performance

It has been consistently shown that students who use SRL strategies

tend to perform better than those who do not. Zimmerman and Pons

[1986] studied high-school students’ use of SRL strategies using the Self-

Regulated Learning Interview Scale (SRLIS) and found that high-achieving

students displayed significantly greater use of 13 of the 15 identified self-

regulated learning strategies. The use of SRL strategies was a significant

predictor of performance in tests (r=0.41...0.44). Pokay and Blumenfeld

[1990] observed that the use of metacognitive strategies significantly pre-

dicted grades of high-school mathematics students along with motivation,

and domain specific and effort strategies.

Motivated Strategies for Learning Questionnaire (MSLQ) has also been

shown to predict performance in different contexts. Self-regulation, self-

efficacy and test anxiety were significant predictors of performance in sci-

ence and English classes of 7th graders [Pintrich and De Groot, 1990].
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Self-efficacy and effort regulation were strong predictors of college stu-

dents’ course grades [Lynch, 2006]. Intrinsic goal orientation, self-efficacy,

test anxiety, and meta-cognitive self-regulated learning were significant

predictors of college students’ performance [Al Khatib, 2010].

Bergin et al. [2005] studied the relationship between SRL strategies

and introductory programming performance of college students. Seven

of the MSLQ subscales were significant predictors of performance (plan-

ning, monitoring and regulating; total metacognitive strategies; resource

strategies: time, effort, peer; total resource strategy; r=0.37...0.62). Re-

gression analysis revealed that metacognitive strategies accounted for

27 % of the variance of performance. Furthermore, students with high

levels of intrinsic motivation and task value performed better and used

more metacognitive and resource management strategies than students

with low levels of intrinsic motivation and task value. This illustrates

how goal-setting affects performance.

An extensive meta-study by Richardson et al. [2012] revealed that the

use of some self-regulation strategies were correlated with the GPA. Sta-

tistically significantly correlated information processing strategies were

metacognition (r=0.18), critical thinking (r=0.15), elaboration (r=0.18) and

concentration (r=0.16). Out of behavioral self-regulation strategies, ef-

fort regulation (r=0.32), time/study management (r=0.22), help seeking

(r=0.15) and peer learning (r=0.13) were significantly correlated with GPA.

For comparison, the strongest non-intellective correlate found in the meta-

study was performance self-efficacy (r=0.59).

Yip [2007] compared the use of SRL strategies of high and low per-

forming university students. SRL strategies were evaluated using LASSI

and students were divided into high and low performing ones based on

GPA. The high-performers used significantly more SRL strategies, al-

though attitude and motivation were even more discriminating factors.

Lawanto et al. [2014] conducted a similar study on university students

in a web-intensive engineering course. The use of SRL strategies were

evaluated using OSLQ, and students were categorized as high or low-

performing using using hierarchical clustering. The results revealed that

the high-performers used more significantly more goal-setting and de-

scriptively more environment structuring strategies. Surprisingly, the

low-performers used more task-related cognitive strategies (e.g. "I read

aloud instructional materials...").

Barnard-Brak et al. [2010] studied the correlation between the use of
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SRL strategies and the GPA of university students taking an online de-

gree program. SRL was measured using OSLQ. Students were clustered

with latent class analysis to identify groups with different profiles of self-

regulation behavior. The authors found five groups, labeled: super self-

regulators, competent self-regulators, forethought-endorsing self-regula-

tors, performance/reflection self-regulators, and non- or minimal self-reg-

ulators. The super and competent self-regulators used all SRL strategies

and had significantly higher GPA than the other groups. The non-self-reg-

ulators, who used few SRL strategies, had the lowest GPA. Forethought

and performance/reflection endorsing self-regulators differed in their em-

phasis of goal-setting and environment structuring strategies, and their

GPAs were between the super- and non-self-regulators.

Ning and Downing [2015] conducted a similar study on university stu-

dents in a traditional higher-education setting. The use of SRL strategies

was evaluated with LASSI and a few other scales that measure academic

self-concept and learning experience. Latent class analysis revealed four

clusters: competent self-regulated learners (25.4 % of students), cognitive-

oriented self-regulated learners (20.4 %), behavioral-oriented self-regu-

lated learners (22.3 %) and minimal self-regulated learners (31.9 %). The

competent self-regulators had significantly higher and the minimal self-

regulators significantly lower GPAs than the other groups. Similar effects

were seen on motivation, attitude, test anxiety and academic self-concept.

Not surprisingly, the use of SRL strategies is especially important in

learner-controlled instructional settings. Young [1996] divided seventh-

grade students participating in computer-based instruction randomly into

two versions of a lesson: a learner-controlled and a linear instructional

sequence. Low self-regulators performed poorly in learner-controlled in-

struction but the performance differences were minimized in the linear

setting.

2.6 Do students self-regulate sufficiently?

The literature suggests that not all students are naturally good at self-

regulating. Steinberg [1989] found that when students were allowed to

control the order of lessons in computer-assisted instruction, they tended

to stop studying before fully mastering the material. In contrast, students

who were given feedback about their level of knowledge were more likely

to continue. This suggests that students are not good at monitoring their
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learning and require explicit feedback to support it. Winne and Jamieson-

Noel [2003] report that university students in computer assisted instruc-

tion reported using considerably less SRL tactics than is optimal accord-

ing to the theory. Furthermore, they used study tactics for the less com-

plex tasks at the expense of the more complex ones where they would have

been more beneficial.

Azevedo et al. [2005] observed adult students’ SRL strategies in a hy-

permedia learning environment in different scaffolding conditions (no /

fixed / adaptive scaffolding). They found that students with no scaffolding

used few planning or monitoring strategies compared to the adaptive scaf-

folding condition. Narciss et al. [2007] report that university students in

a web-based learning environment used hardly any meta-cognitive aids

that were available in the system. The average time spent on tools for

monitoring and evaluation was around 1 %. Falkner et al. [2014] iden-

tified SRL strategies used by university students in an introductory pro-

gramming course. Student’s self-reported strategies were mapped to Zim-

merman’s [1989] model. The most commonly reported strategies were

goal-setting (28.9 % of all reported instances of SRL) followed by orga-

nizing and transforming (28.9 %). The largest category (49.7 %) were

domain-specific strategies that do not map to the framework. Reflection

strategies were rare (self-evaluation 1.2 %, keeping records and monitor-

ing 0 %).

Heikkilä et al. [2012] analyzed university students’ cognitive-motiva-

tional profiles in terms of their approaches to learning, self-regulated

learning, and utilization of cognitive strategies. They identified three

clusters of students using latent class analysis: self-directed students,

non-reflective students, and non-regulating students. The non-regulating

students were the largest group (50 %) followed by self-directed students

(28 %). In a similar approach, Barnard-Brak et al. [2010] clustered uni-

versity students in online degree program. They conducted latent class

analysis based on students’ responses to OSLQ. In the two trials, the au-

thors consistently identified 22–19 % of students as those who used few

strategies and 50–60 % as those who used all strategies regularly. Ning

and Downing [2015] clustered university students using latent class anal-

ysis based on their SRL strategies, academic self-concept and learning

experience. They identified 32 % of students as minimal self-regulated

learners. It must be noted that clustering approaches find different num-

bers of clusters depending on their parameters. Nevertheless, these stud-
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ies consistently identified a group, from a fifth to a half of students, as

non-regulating.

Artino and Stephens [2009] compared the motivational beliefs (task-

value and self-efficacy), deep processing strategies (elaboration, critical

thinking) and motivational engagement (procrastination, choice behav-

iors) of undergraduate and graduate students taking various online courses.

Graduate students exhibited higher levels of critical thinking and lower

levels of procrastination than the undergraduates. Somewhat surpris-

ingly, undergraduates had greater task value beliefs. The result suggests

that less experienced students may be less competent in regulating their

learning.

2.7 Fostering self-regulation

A wide variety of ways have been developed in attempts to foster self-reg-

ulated learning. Commonly used methods include explicitly teaching SRL

strategies to students or acting as an example, gradually shifting the re-

sponsibility of regulation from the teacher to the student, giving students

feedback on their strategies, and encouraging students to support each

other [Zumbrunn et al., 2011].

Some learning management systems (LMS) and tools have been specifi-

cally designed to scaffold self-regulated learning. CoNoteS2 [Hadwin and

Winne, 2001] is an electronic notebook that scaffolds cognitive tactics by

allowing students to create glossaries and indices, highlight text and cre-

ate notes. Reflection is supported by allowing students to track how their

activities have evolved over time. gStudy [Winne et al., 2006] delivers

learning kits that may include text, photos, videos, etc. It includes cogni-

tive tools that allow students to make notes, create glossaries, label and

index content, construct concept maps, search for information, chat and

collaborate, and receive coaching. It also records students’ activities and

interactions allowing them to reflect on their learning process (e.g. How

often do I recall what I highlighted?). Metatutor [Azevedo et al., 2010] is

a hypermedia learning environment designed to detect, model, trace and

foster students’ self-regulated learning. In non-adaptive scaffolding mode,

students are first given learning material about SRL strategies, and then

prompted to use the strategies during learning. In adaptive scaffolding,

a human tutor provides each student personal support by helping them

to engage in self-regulation strategies such as planning, monitoring and
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assessing their understanding.

Schmitz and Wiese [2006] evaluated in a controlled experiment a train-

ing program where university students were given weekly training ses-

sions on goal-setting, scheduling, self-motivation and concentration. SRL

strategies, motivation and progress were measured using diaries and sur-

veys. Students in the treatment group exhibited increased intrinsic study-

ing motivation, self-efficacy, effort, attention, self-motivation, ability to

handle distractions and avoid procrastination. The control group without

training only exhibited an increase in motivation during the study.

Conceptual scaffolding has also been shown to increase the use of SRL

strategies. Conceptual scaffolds are, for example, guiding questions that

provide hints or draw the student’s focus on the relevant aspects. Moos

and Azevedo [2008] divided college students in a hypermedia environment

randomly into a no-scaffolding group and a conceptual scaffolding group

with guiding questions presented during the learning task. Both groups’

self-efficacy and the use of SRL decreased during the 30 min learning

task. However, participants with scaffolding used more monitoring and

planning strategies than the control group.

The level of detail of the feedback that students receive also affects SRL.

Zou and Zhang [2013] compared two score sheets in a web-based lan-

guage learning environment for university students. The traditional score

sheet only showed the final scores while the improved sheet included sub-

scale scores, students’ percentile position as well as suggestions on self-

regulation strategies (e.g. "You should think about what you really need to

learn before beginning a translation exercise or task.") A controlled exper-

iment revealed that new score sheet increased the use of SRL strategies.

An important question is whether fostering self-regulation actually im-

proves academic performance. Does self-regulation cause good perfor-

mance or are they simply correlated because of a confounding variable

such as intelligence? The literature suggests that fostering SRL does in-

deed improve performance.

Hattie et al. [1996] conducted a meta-study of 51 interventions that

aimed to enhance learning by improving the use of learning or study

skills. The interventions targeted task-related skills, self-management of

learning, affective components such as motivation and self-concept, and

self-management of learning (planning, implementing, and monitoring

learning efforts) in various age groups. Interventions that were aimed

at improving the accuracy of recall for specific factual material had the
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strongest effect on performance (1.09), while interventions on study skills

had an average effect size of 0.26 on performance. The interventions

had stronger effects on younger students (average effect size on primary

school students: 0.91, university students: 0.28). The results suggest that

domain-specific cognitive strategies have a stronger effect on performance

than study skills, but the role of study skills is not insignificant either.

Tuckman [2003] studied the GPA gains of university students who par-

ticipated in a study skills course where they were given training on cog-

nitive and metacognitive strategies. Their performance was compared

to a group of students who did not take the course but had equivalent

prior GPAs and demographics. Students taking the training had signif-

icantly higher term grades during the training term and the following

term. Azevedo and Cromley [2004] divided college students in a hyper-

media learning environment randomly into two groups. The treatment

group received a 30 minute training where they were explained the im-

portance of different SRL strategies and how to use them, while the con-

trol group received no training. A think-aloud protocol was used to detect

uses of SRL strategies during a learning task. Students who received

SRL training used more planning, monitoring and learning strategies,

and had higher learning gains that the control group. Bannert et al.

[2009] conducted an experiment where students in the treatment group

were told why metacognitive activities are useful and how to apply them

during learning, while students in the control group had no prompts and

"placebo" instructions on how to organize a working place for their stud-

ies (ergonomics, illumination, etc.) Students in the treatment group re-

ported a higher amount of metacognitive activities during learning. They

also had better post-test performance in transfer tasks but not in recall or

knowledge tests. The authors hypothesize that deeper learning required

by transfer tasks benefits more from metacognitive activities.

Goh et al. [2012] studied the effect of persuasive SMS messages on uni-

versity students in a controlled experiment. Students in the treatment

group were sent SMS messages that encouraged them to attend lectures,

tutorials and workshops, as well as to complete assignments. SRL was

measured in the beginning and the end of the term using MSLQ. In the

post-test, the treatment group reported higher levels of some SRL strate-

gies including task-value, resource management and meta-cognitive strate-

gies compared to the control group. They also received significantly higher

grades (mean treatment 70.66, mean control 62.67). Azevedo et al. [2005]
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studied adolescent students learning human biology in a hypermedia learn-

ing environment. They evaluated three scaffolding conditions in a con-

trolled experiment: adaptive scaffolding from a human tutor, fixed scaf-

folding by providing students with sub-goals for the learning task (e.g.

"List the support structures of the heart"), and no scaffolding. The re-

sults show that students in the adaptive scaffolding group used more SRL

strategies than the other groups, and their learning gains were the high-

est. Students with fixed scaffolding, in contrast, used strategies that im-

peded learning and their declarative knowledge improved even less than

those without scaffolding. The results suggest that scaffolding must be

adaptive in order to be effective. What is an efficient SRL strategy for one

student may be ineffective for another [Greene and Azevedo, 2009].

2.8 Summary

There is substantial evidence that students who utilize self-regulation

strategies perform better than those who do not. The use of metacogni-

tive strategies is not among the most important predictors of performance

– e.g. task-specific cognitive strategies and motivation are often found to

be more important – but nevertheless, the use of metacognitive strategies

and performance are positively correlated. It is possible to foster self-

regulation and doing so improves performance. It appears to be beneficial

to facilitate SRL because a significant part of students do not self-regulate

sufficiently. Static scaffolds such as checklists are not as effective as adap-

tive systems that give personalized suggestions for each student because

efficient strategies depend on attributes such as the current knowledge

level that vary between students.
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3. Related Work

This chapter summarizes prior studies and educational technologies that

are related to the studies presented in this thesis. Section 3.1 presents

systems that support study planning by recommending courses or visu-

alizing the curriculum. Section 3.2 summarizes what is known about

harmful study habits such as procrastination, especially in the context

of online learning environments. Section 3.3 summarizes studies on us-

ing achievement badges to steer students’ behavior. Finally, Section 3.4

presents prior studies on visualizing students’ behavior or progress.

3.1 Supporting study planning

The first line of research in this thesis is supporting study planning, i.e.

the process of selecting a major, a minor and elective courses, and schedul-

ing them. Many academic advising systems have been developed in the

past [e.g. Patankar, 1998; Marques et al., 2001; Grupe, 2002; Bansal et al.,

2003; Siegfried et al., 2003; Pokrajac and Rasamny, 2006; Albalooshi and

Shatnawi, 2010]. The systems allow students to browse information about

the degree programs, including lists of available courses, prerequisite

dependencies between them, requirements of the programs, etc. They

typically allow students to construct a study plan by selecting courses

and scheduling them. They essentially replace traditional printed study

guides with more advanced online tools.

In this thesis, we are interested in tying the study plans to the students’

goals. A study planning system should help the student to find elective

courses that are aligned with the student’s goals. Furthermore, the sys-

tem should help the student to understand how each course is connected

to the goals and what it contributes.

This section gives an overview of three areas that have been explored
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in the literature to address these topics. First, curriculum modeling is

needed to produce a machine-readable representation of the curriculum.

Second, recommender systems have been developed to automatically sug-

gest courses for students, and third, curriculum visualizations have been

studied as a way to help students understand what role each course plays

in the curriculum.

3.1.1 Curriculum modeling

In order for the computer to be able to automatically process curriculum

information, its structure must be modeled in a machine-readable way.

Some authors have proposed using formal mathematical models to de-

scribe the curriculum. Wu and Havens [2005] approach study planning as

a mixed-initiative constraint-satisfaction problem. Their system uses con-

straint programming techniques to automatically schedule courses over

semesters so that the schedule satisfies curriculum constraints (e.g. pre-

requisite dependencies) and preferences set by the student. Trcka and

Pechenizkiy [2009] model the curriculum using Colored Petri nets, which

allows the modeling of concurrent, alternative and sequential courses,

timing constraints, etc. as well as simulation and verification tasks. Pech-

enizkiy et al. [2012] argue that formal modeling makes it possible to, for

example, automatically check the validity of student’s study plans, an-

alyze historic log data to check if the curriculum constraints have been

honored in the past, identify typical paths that students take, analyze

graduation times, give recommendations and detect curriculum violations

in real time. Baldoni et al. [2011] also approach study planning as a con-

straint modeling problem. The curriculum is modeled in detail to specify

the curriculum constraints semantically (prerequisite dependencies be-

tween concepts, the order in which concepts are taught, etc.) The system

allows students to construct study plans which are then validated using

model checking to ensure that learning goals are reached and the require-

ments of the degree program are satisfied. The system can also automat-

ically construct study plans based on the interests and prior competences

of the student.

Curriculum mapping [English, 1980] is a popular curriculum modeling

technique used in practical curriculum development work. A curriculum

map models the connections between the topics taught in the courses

and the high-level goals of the degree program. It is usually constructed

as a matrix where the rows represent the topics or learning activities
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of each course (multiple per course), the columns represent the degree-

level goals (e.g. creative problem solving, life long learning skills, subject

matters), and the cells are marked to show which course topics address

which degree-level goals [e.g. Sumsion and Goodfellow, 2004; Robley et al.,

2005]. The matrix makes it easy to ensure that the degree-level goals are

sufficiently covered in the curriculum. A curriculum map does not model

the prerequisite dependencies between courses and therefore it does not

help a student in scheduling the courses. However, it makes it easy to see

what each course contributes to the goals of the program.

Curriculum mapping is technically simple and can be performed with

pen and paper or a spreadsheet program. Some software tools have also

been developed to facilitate it. CCMAP [Oliver et al., 2010] is an Excel-

based tool where teachers tick which graduate attributes are addressed

in their respective course. The tool provides various charts, e.g. of the em-

phasis of different graduate attributes in the curriculum. CUSP [Gluga

et al., 2013] makes it possible to map course contents to multiple learn-

ing goal sets. Course contents are first mapped to the goal set of the

institution which can, in turn, be mapped to external goal sets that may

originate from accreditation, regulatory, professional and other bodies. In

this approach, it is not necessary to map course contents to every goal set

separately. The mapping also helps curriculum developers to ensure that

the courses address all of the requirements and there are no gaps. Fur-

thermore, the system helps students to see how the course contents are

connected to goal sets that have real-world relevance.

3.1.2 Recommender systems

Recommender systems suggest content to users based on what similar

users have selected in the past or which contents are related to the ones

selected by the user [Schafer et al., 2007]. Several recommender systems

have been developed for suggesting elective courses for students.

AACORN [Sandvig and Burke, 2006] recommends courses that other

students with similar course selections have chosen. It uses edit dis-

tance to compare the similarity of course selections. O’Mahony and Smyth

[2007] use an item-based recommender algorithm to suggest elective courses

based on past selections of similar students. RARE system [Bendakir and

Aïmeur, 2006] uses a collaborative filtering approach where the recom-

mendations are based on students’ ratings. The system uses association

rule mining to identify students with similar ratings and recommends
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courses that students with similar preferences have liked. CourseAgent

[Farzan and Brusilovsky, 2006, 2011] employs a social navigation ap-

proach for course recommendation. It allows students to set career goals

and estimates the usefulness of each course for the student’s goals based

on ratings from other students. As an incentive to rate courses, the system

visualizes the student’s progress towards the desired competence. After

completing a course, the student must rate it in order to see progress.

CourseRank [Koutrika et al., 2008] allows students to rank courses, add

comments and rank the accuracy of other user’s comments. It recom-

mends courses using various criteria such as course selections of students

with similar grades or recommendations. The system also includes a plan-

ner for scheduling courses. Nguyen et al. [2008] describe a course recom-

mender system which aggregates data from multiple online learning en-

vironments into a data-warehouse. Courses are recommended according

to past academic history, life-goals set by the students and learner models

mined from the data-warehouse.

Ray and Sharma [2011] use a collaborative filtering approach to predict

course grades of electives that a student might choose. The predictions

are based on similar students’ performance in the past. Degree Compass

[Denley, 2012] selects the courses that fit best in the sequence of courses

in the student’s degree program and predicts in which courses the student

is most likely to achieve the best grades. The predictions are based on sim-

ilar past students’ records. Sobecki [2014] gives similar predictions using

swarm intelligence algorithms. These systems help students to choose

courses where they seem to have a high chance of succeeding.

3.1.3 Curriculum visualization

Curriculum visualization tools have been developed for both students and

curriculum developers to reveal the structure of the curriculum. Most

systems present the curriculum as a graph where the nodes represent

courses and the edges represent their prerequisite dependencies.

Desmond [Niklander et al., 2002] allows the student to construct a study

plan and automatically verifies that it satisfies the requirements of the

degree program. It visualizes the prerequisite dependencies of the se-

lected courses as a graph and highlights passed and planned courses to

give an overview of the progress. CME2 [Nuutinen and Sutinen, 2003]

gives students an overview of the curriculum by visualizing it as a con-

cept map where each node represents a course. It is aimed at visualizing
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the process, i.e. in which order to take the courses, rather than the con-

tent. CurricViz [Gestwicki, 2008] visualizes the curriculum as a directed

graph to show the prerequisite dependencies between courses. It also vi-

sualizes the student’s progress in the degree programs by displaying the

amounts of credits completed and remaining, and highlighting the com-

pleted courses. ViCurriAS [Zucker, 2009] allows curriculum developers to

construct curriculum graphs that represent the courses and their prereq-

uisite dependencies. The system makes it easy to investigate how changes

in the courses or their dependencies affect the whole curriculum. The

system can also be used for student counseling because it visualizes the

student’s progress by highlighting past, current and upcoming courses.

Aldrich [2014] visualizes and analyzes the course prerequisite network to

reveal the hidden structure, e.g. which courses act as bridges or hubs in

the curriculum. Such properties are difficult to observe from a traditional

written course catalog.

Sommaruga and Catenazzi [2007] visualize the curriculum as 3D graph-

ics where departments, degree programs and semesters are rendered as

regions in space, and courses are represented by boxes whose dimensions

are determined by their credits and duration. The user can navigate the

visualization to get an overview of the properties of the courses. Moreno

et al. [2012] propose visualizing the prerequisite dependencies between

courses as circular diagrams. An empirical evaluation suggested that the

correctness of students’ study plans improved when using circular dia-

grams.

The systems mentioned above visualize the prerequisite dependencies

between whole courses but they do not visualize course contents. Sant

[2004] automatically constructs a visualization of the topics covered in

courses based on the course descriptions that are written in natural lan-

guage. Multi-dimensional scaling is used to map thematically similar

courses close to each other in a two-dimensional plane. The approach

can be used, for example, to compare course offerings between institu-

tions. Sekiya et al. [2010] use latent Dirichlet allocation (LDA) to extract

topics from the syllabi written in natural language and Isomap to project

the high-dimensional topic space on a plane and render a visualization

of the curriculum structure. The visualizations can be used by curricu-

lum developers to verify that the topics in the curriculum are sufficiently

covered in the course syllabi. Gatteschi et al. [2014] use a semantic the-

saurus to automatically identify common topics between courses even if
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the descriptions are written in varying terminology (e.g. cloth vs. dress).

Topics are clustered to form an abstract representation of the topics in the

curriculum. This makes it possible, for example, to compare the contents

and emphasis of different curricula.

iClass [Albert et al., 2008] allows teachers to define competence struc-

tures that represent skills, prerequisite-relationships between skills, and

relations between skills and learning objects or assessment items. The

software visualizes the structure for students and highlights skills that

the student has mastered or that are within the student’s reach to learn

next. The visualizations act as progress feedback and help students to

sequence their own learning processes. Siirtola et al. [2013] visualize the

overlap between course contents. The topics covered in each course are de-

scribed using a commonly agreed taxonomy to allow overlapping topics to

be automatically identified. Matching topics are then visualized as node-

link diagrams to reveal similarities. A matrix representation is also used

to reveal clusters of thematically similar courses. The tool can be used,

for example, to compare the course offerings between institutions. Rol-

lande and Grundspenkis [2013]; Rollande et al. [2014] model the curricu-

lum as hierarchical graphs. The curriculum consists of courses and their

prerequisite dependencies, and each course contains a concept map that

represents the connections between the topics within each course. The

concepts are, in turn, mapped to learning objects in the learning environ-

ment. Visualizations of the model can be used by curriculum developers

to investigate how changes in the courses affect the whole curriculum,

and by students to construct personal study plans. Grann and Bushway

[2014] visualize for students which learning outcomes in their current

course contribute to which degree-level competences. The system also has

a dashboard that visualizes the student’s performance and progress rel-

ative to each competence. The system helps students to understand the

relevance of course topics for higher-level competences and focus future

studying.

Most of the tools discussed in this section do not visualize the connec-

tions from course contents to other courses or degree-level goals. The

existing tools visualize dependencies between whole courses which allows

the students to see only on a coarse level how the courses are located in

the big picture, or visualize the connections between course topics and

degree-level competencies but not between courses. Some tools visualize

course contents but they are not aimed for study planning because they
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do not consider prerequisite dependencies.

3.2 Harmful study habits

University students often resort to bad study habits such as procrasti-

nating [Steel, 2007] and cramming [Taraban et al., 1999]. They are not

likely to behave any better in online learning environments which require

students to more independently regulate their learning [e.g. Azevedo and

Cromley, 2004]. One of the motivations for the work presented in this

thesis were the undesired behaviors that students exhibited in our online

learning environments. In this section, we review literature on students’

study habits in higher education and especially in online learning. We

present a few habits and study strategies that have received attention in

the literature and give an overview of the evidence of their harmfulness

as well as prevalence.

3.2.1 Procrastination

Steel [2007] defines that to procrastinate is to voluntarily delay an in-

tended course of action despite expecting to be worse off for the delay. In

an extensive meta-study, Steel [2007] found that procrastination is very

prevalent in the academic world. 80% – 95% of college students report en-

gaging in procrastination, and almost 50% of college students procrasti-

nate consistently and problematically. In the general population, procras-

tination chronically affects some 15% – 20% of adults. Tendency to pro-

crastinate is a relatively stable trait and genes are estimated to account

for approximately 22% of the variance. Personal traits that are correlated

with procrastination include proneness to boredom, distractibility, impul-

siveness, self-control, the need for achievement, organization, and many

other attributes. The most important task characteristics that cause pro-

crastination are timing of rewards and task aversiveness. People perceive

rewards the less appealing the further they are in the future, and they

tend to avoid unpleasant tasks, especially if they are difficult or boring.

Procrastination is connected to self-regulation. Many instruments that

measure the use of self-regulation strategies (e.g. MSLQ, OSLQ, LASSI)

include time management strategies. In addition to these obvious connec-

tions, the use of other SRL strategies have been observed to correlate with

procrastination. Rakes and Dunn [2010] observed that the intrinsic mo-
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tivation and effort regulation scales of MSLQ are negatively correlated to

procrastination (r=-0.36 ... -0.38). Howell and Watson [2007] report that

procrastination was related to less use of cognitive and meta-cognitive

strategies and greater disorganization in university students.

Steel’s meta-study [2007] shows that procrastination has a weak but

consistently negative correlation with academic performance (r=-0.19). It

is sometimes harmless, sometimes harmful but never helpful. It can also

have a negative effect on well-being. While procrastinators may some-

times experience less anxiety in the beginning of a course because of

postponing the unpleasant tasks, overall they are usually more stressed.

Procrastination has also been identified as one of the main reasons why

students drop out of online courses [Doherty, 2006]. Some students may

postpone tasks intentionally knowing that they work more efficiently un-

der pressure (active procrastination), in which case the adverse effects

may be smaller [Chun Chu and Choi, 2005]. However, almost all peo-

ple report procrastination as something negative and undesirable [Steel,

2007].

Procrastination has been studied in the context of online learning en-

vironments as well. They are well-suited for this purpose because the

exact time of students accessing the learning material can be detected

from the log files instead of having to rely on self-reports. The findings

have been consistent with earlier results from traditional environments.

Highest student activity is commonly observed in the last few days before

the deadline [e.g. Taraban et al., 1999; Edwards et al., 2009; Falkner and

Falkner, 2012; Spacco et al., 2013]. The correlation between procrastina-

tion and performance is also evident. Tuckman [2005] observed that low

and moderate procrastinators earned significantly higher course grades

than high procrastinators in a blended course where most activities were

submitted online. Fenwick et al. [2009] report that students who started

programming assignments in the last two days before the deadline re-

ceived inferior grades. Shaffer and Edwards [2011] report that project

scores in a CS course were correlated to how much of the work was com-

pleted before the final week of the project. Michinov et al. [2011] found

that procrastination reduced participation in discussion forums (r=-0.26)

which, in turn, affected performance (r=0.26). Spacco et al. [2013] report

that starting time explained 9 % of the variance of the final score of pro-

gramming projects. Vihavainen [2013] reports that students who failed

a programming course started to work on average later than those who
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passed.

The previous results show a correlation between procrastination and

performance but do not prove causality. It might be that a confound-

ing variable, such as intelligence, is the cause of both performance and

conscientiousness. To study the causality of the relationship, Edwards

et al. [2009] studied the behavior of 1011 students in three computer sci-

ence courses over five years. They selected students who sometimes re-

ceived high and sometimes low scores from the assignments and divided

the assignments of each student into two bins: the high and low-scoring

ones. They then compared the attributes of the high and low-scoring as-

signments within each student. They found that the high-scoring assign-

ments were on average started three days before the deadline while the

low-scoring ones were started only one day before. The results show that

the same student received on average higher scores from the assignments

that he or she started to work on early. Edwards et al. hypothesize that

starting early simply leaves students with more time to overcome unfore-

seen problems and seek for help. Regardless of the mechanism of action,

procrastination clearly has a negative, causal impact on performance. The

study was repeated by Buffardi and Edwards [2013] with similar results.

There are mixed results on whether procrastination is more common

in online or contact education. Elvers et al. [2003] assigned 47 univer-

sity students randomly to an online or lecture version of a psychology

course, and observed the distance of their activities from the mid-term ex-

ams. They found no statistically significant differences in the measures of

procrastination, exam performance or attitudes between the two groups.

However, procrastination was negatively correlated with exam scores and

attitudes toward the class in the online students but not in the contact

education students. This may indicate that online students are more sus-

ceptible to the harmful effects of procrastination.

Romano et al. [2005] compared self-selected groups taking fully online

or blended version of a university class, and observed that students tak-

ing the blended version procrastinated more. However, the groups were

self-selected and more independent students may have chosen the online

version. The authors also observed that procrastination was correlated

with inferior performance in some of the mid-term exams. In a similar

study, Klingsieck et al. [2012] compared the procrastination levels and

learning strategies of 469 students from a distance university and 927

students from a traditional university. The traditional university stu-
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dents reported very slightly but statistically significantly higher levels

of procrastination. This study may also have a self-selection bias in what

kinds of people choose a distance university. In both universities, the use

of metacognitive strategies was negatively correlated with procrastina-

tion (r=-.38 ... -.46).

Reducing procrastination

Regular testing can be used to motivate procrastinators to study through-

out the semester and prevent them from starting to prepare for the exam

at the last minute. Tuckman [1998] observed that high procrastinators

benefited significantly from regular testing whereas low and medium pro-

crastinators performed equally well in regular testing and traditional home-

work conditions. In the regular testing condition, the high procrastinators

performed even better than the low procrastinators in the exam. In an-

other study, Tuckman [2007] divided college students taking a web-based

course randomly into two groups: with and without motivational scaf-

folding. Students were classified as high or low procrastinators based on

a self-report measure. The scaffolding was an online chat used to run

study skills support groups and instructor office hours. Low procrastina-

tors performed equally well with and without scaffolding, whereas high

procrastinators benefited significantly from scaffolding. In the scaffolded

condition, the high procrastinators again outperformed the low procras-

tinators. These results suggest that procrastinators do not lack ability

but rather, they underachieve because of starting to study too late and

running out of time.

Some unsuccessful interventions have been reported as well. Allevato

and Edwards [2013] studied the effect of extra credit offered to university

students for completing programming assignments at least three days be-

fore the deadline. Students submitted their solutions even later when

extra credit was offered. Spacco et al. [2013] tested a token system in

a university-level programming course. Students were given the option

submit their solutions to an automated assessment system for feedback.

However, each submission consumed a token which took 24 hours to re-

generate. Initially, students had three tokens to spend. The intervention

was not successful. Students used on average less than three tokens, and

they tended to use them near the deadline. These studies suggest that

scaffolding is more effective than incentives against procrastination.
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3.2.2 Massed vs. distributed practice

Another aspect related to time management is whether a student dis-

tributes work over a longer period of time or crams in intense sessions.

These modes are often referred to as distributed and massed practice. Dis-

tributed practice has been found to improve retention in recall tasks such

as learning lists of foreign words [Melton, 1970]. However, these results

may not be applicable to more complex tasks such as programming as-

signments and simulation exercises which are studied in this thesis.

Fenwick et al. [2009] report that university students who split their

programming projects into 4–5 separate sessions received better grades

than those who worked in fewer sessions. Vihavainen et al. [2011] ob-

served university students’ behavior in a mathematics and a program-

ming course that the students were taking simultaneously. They report

that students who worked in narrower time periods in the programming

course were more likely to fail the mathematics course, which may indi-

cate that students who have a habit of massed practice tend to perform

worse overall. Hartwig and Dunlosky [2012] studied college students’

study habits and found that massing of study was associated with the

use of fewer study strategies. Low-performing students were more likely

to engage in late-night cramming.

There is an obvious connection between procrastination and massed

practice because starting at the last minute implies working in a nar-

row time span. The results regarding massed practice should therefore

be interpreted with caution because they may in fact reflect procrastina-

tion. To properly study massed vs. distributed practice, the starting time

should somehow be controlled in the analysis.

3.2.3 Trial and error

Computer-assisted learning has the unique feature that students’ solu-

tions can be assessed automatically. If the exercises are complex enough

(e.g. programming assignments) or can be varied randomly, students can

be allowed to attempt the same exercise many times despite of receiv-

ing feedback from each attempt [e.g. Ihantola et al., 2010]. In traditional

classroom learning, in contrast, it is less common for students to be al-

lowed to make repeated attempts to the same assignment. The resub-

mission option in automated assessment systems obviously allows some

students to exploit this feature by repeatedly asking feedback while mak-
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ing small adjustments to their solutions.

Ben-Ari [2001] uses the term bricolage to refer to a behavior where

a programmer uses endless debugging to ’see what happens’. He ar-

gues that bricolage is not an effective strategy in learning topics that

require massive amounts of detailed knowledge to be constructed into ab-

stract mental models. According to Edwards [2004], students often have

misguided views that are consistent with the trial-and-error approach.

They, for example, consider their solutions complete as soon as they pass

through the compiler or produce the intended output. He argues that com-

puter science students will be more successful at learning if they move

from the trial-and-error approach to reflection-in-action. In reflection-in-

action mode, if a solution fails, the practitioner tries to understand the

phenomenon as well as his own understandings, and then carries out a

new experiment. Edwards argues that automatic assessment systems of-

ten encourage the trial-and-error mode because they assess the end result

instead of encouraging students to ensure the correctness of their solu-

tions by themselves.

Malmi et al. [2005] studied university students’ behavior in automati-

cally assessed algorithm simulation exercises when resubmissions were

limited to five vs. unlimited. They found that when resubmissions were

unlimited, students’ first submissions scored lower than when the resub-

missions were limited. This suggests that students solved the exercises

more carelessly with unlimited attempts. They also observed that with

unlimited resubmissions, the students had a tendency to keep trying un-

til the solution was correct, which resulted in better final scores compared

to limited resubmissions. The results suggest that on one hand, unlim-

ited resubmissions may make students more careless and favor a trial-

and-error mode, but on the other hand, it might lead to better learning

results.

Karavirta et al. [2006] observed university students’ behavior in algo-

rithm simulation exercises. They clustered students based on their num-

ber of submissions and final exercise points, and identified five groups:

passers with few attempts and low points, ordinaries with few attempts

and medium points, talented with few attempts and high points, ambi-

tious with a higher number of attempts and high points, and iterators

with exceptionally many attempts. The ambitious reached high points

but used roughly twice as many submissions and spent less time between

submissions as the talented, which suggest a trial-and-error mode. The
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iterators used 2–3 times as many submissions as the ambitious and spent

even less time between submissions. The ambitious and iterators per-

formed slightly worse than the talented in the exam. However, the causal

relationship between the strategy and performance is unclear. On one

hand, the most talented students can be expected to perform better and

need less attempts. On the other hand, talented students could also be

expected to use less time per submission, which was not the case. This

is consistent with the view that they scored higher because of spending

more time to prepare the submissions and not because of innate talent.

Allevato et al. [2008] studied university students’ behavior in automat-

ically assessed programming exercises. They observed that out of those

students who reached close to maximum score, the number of submissions

varied greatly, with the highest submitters having up to seven times the

number of submissions compared to the lowest submitters. The pattern

is consistent with the clusters identified by Karavirta et al. [2006], and

suggests that some students use a less thoughtful approach. However, an

alternative interpretation is that some students have so many problems

that they are unable to solve the exercises with fewer attempts. It turns

out that identifying trial-and-error behavior from log data is difficult be-

cause the same symptom, high number of attempts, can be the result of a

bad learning strategy or low ability.

3.3 Achievement badges

Gamification can be defined as the use of game design elements in non-

game contexts [Deterding et al., 2011]. It is often used in an attempt to

steer user behavior or increase activity, motivation or retention. Accord-

ing to Huotari and Hamari [2012], the word was first used in the litera-

ture as recently as 2008 (spelled gameification at the time). Gamification

includes a wide range of techniques such as achievement badges, leader-

boards, points and levels [Muntean, 2011]. Hamari et al. [2014] found in

a literature review of gamification that while most results were positive,

the results depended strongly on the context and users. Furthermore,

many publications were descriptive in nature.

In this thesis, we study the use of achievement badges as a means to

encourage desired study practices. Badges are rewards that are given for

the user for reaching various achievements. For example, a student might

receive an early bird badge for submitting an assignment a week before
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the deadline. Montola et al. [2009] define badges as secondary reward

systems with optional sub-goals that are visible to others. Hamari and

Eranti [2011] define them as an optional challenge provided by a meta-

game that is independent of a single game session and yields possible

reward(s). A badge is typically a graphical icon that appears after the user

fulfills its criteria, and it usually has no material value for the user (e.g.

money or exam points). Badges have been successfully used to steer the

behavior of users in various web sites [e.g. Montola et al., 2009; Anderson

et al., 2013; Hamari, 2013]. However, it is common that they only affect a

subset of users while some are indifferent towards them [Montola et al.,

2009; Hamari, 2013].

Achievement badges are one of the most commonly used methods of

gamification in education [Hamari and Eranti, 2011]. However, recent

reviews by de-Marcos et al. [2014] and Falkner and Falkner [2014] con-

clude that solid evidence of their effectiveness in education is still scarce.

McDaniel et al. [2012] studied university students’ opinions about badges

in an online course management system. The majority reported finding

the badges motivating although some found them a source of frustration.

Denny [2013] found in a controlled experiment that badges increased the

quantity of university students’ contributions in a computer-supported

collaborative learning environment while their quality remained the same.

Students’ opinions varied from positive to negative. Domínguez et al.

[2013] conducted a quasi-experiment where badges were added to an on-

line learning environment. Students using the gamified environment per-

formed higher in practical assignments but lower in the exam than the

control group. While some students were motivated by badges, some opted

out of the gamified environment because they did not like the competi-

tiveness and the fact that other students were able to see their badges.

Anderson et al. [2014] compared different ways to present badges in an

online learning environment and found that even slight changes in their

presentation influenced their effectiveness.

Abramovich et al. [2013] studied the relationship between badges and

goal orientations in middle school students who used an intelligent tutor-

ing system to study mathematics. Students’ goal orientations were mea-

sured in the beginning and end of the course, and badges were awarded

during the course for participation and mastering skills. Low-performing

students who earned a high number of badges exhibited a reduced per-

formance-avoidance orientation in the post-test which suggests that the

56



•

Related Work

positive feedback from the badges reduced their concerns about incom-

petence. Furthermore, low-performing students’ performance-approach

orientation in the pre-test correlated with the number of earned badges

which suggests that students with this orientation respond more strongly

to badges. These effects were not observed in high-performing students.

However, in high-performing students, performance-avoidance in the pre-

test was negatively correlated with the number of earned badges which

suggests that they may have been distracted by the badges.

In some studies, badges have had an effect on students’ behavior or stu-

dents have found them motivating. However, different students’ opinions

of the same badge system often range from positive to negative [Domínguez

et al., 2013; Abramovich et al., 2013; Denny, 2013; Haaranen et al., 2014].

Badges have also been criticized for potentially replacing internal moti-

vation with external [Nicholson, 2012; Deci et al., 2001], or teaching stu-

dents to only study if rewarded [Lee and Hammer, 2011].

3.4 Visualizations

One way to support students’ self-monitoring is to present them visualiza-

tions of their own behavior or progress. Such visualizations can be roughly

divided into two groups: those that visualize the cognitive domain, i.e. de-

velopment of the student’s knowledge and skills, and those that visualize

behavior and study habits. We also give a short overview of visualizations

that have been developed to support the teacher because they differ very

little from those that are aimed for students.

3.4.1 Visualizations for teachers

In online learning, it can be difficult for the teacher to form an under-

standing of the progress and state of the class because there is no face-

to-face contact with the students. Various visualizations have been devel-

oped to give the teacher an overview of students’ behavior, progress and

performance in online learning environments.

France et al. [2006] visualize students as smiley faces where the ex-

pression represents performance, color represents time used for studying

and animated eyes represent the level of recent activity. This allows the

teacher to easily get an overview of the status of the class. Student Inspec-

tor [Scheuer and Zinn, 2007] allows the teacher to see the exercise scores
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of students as bar charts which makes it easy to identify how each student

is performing compared to others. It also visualizes the topics where stu-

dents have most/least problems, time spent in the system and the number

of items solved by each student. CourseViz [Mazza and Dimitrova, 2007]

visualizes the development of students’ social interactions between the

peers or the teacher, performance in different topics, students’ working

times, etc. The visualizations allow the teacher to identify concepts that

cause problems for many students as well as the most/least active stu-

dents. GISMO [Mazza and Botturi, 2007] visualizes students’ working

times, the progress of each student in different topics, the amount of fo-

rum activities of each student, etc. These help to identify at-risk students

and evaluate which learning materials students find useful. Moodle dash-

board [Podgorelec and Kuhar, 2011] visualizes students’ average perfor-

mance in each assignment as well as time series of each student’s perfor-

mance, attendance, activities, etc. The visualizations help the teacher to

discover students’ performance patterns, predict problems, focus on prob-

lematic topics and identify motivational elements. GLASS [Leony et al.,

2012] is a modular platform for creating visualizations. Example visual-

izations include time series of students’ activity and the distribution of

students’ effort in different activities. LOCO-Analyst [Ali et al., 2012] vi-

sualizes how much time or how many visits students spend on average on

each topic, students’ performance in lessons and quizzes, forum activities,

etc. Teachers perceived the visualizations as useful and were not over-

whelmed with information even though more data was presented than

a previous system. Users criticized the lack of similar visualizations in

other learning management systems.

3.4.2 Student modeling

Visualizations of the cognitive domain are usually based on maintaining

a student model that represents the student’s mastery in different topics

[Bull and Kay, 2007]. The model is built and dynamically updated based

on the correctness of quiz answers, access to course materials, etc. The

model can be visualized to assist the student to decide what to study next

or which areas need more practice. Comparing own progress to peers can

also warn the student if he/she is falling behind.

A wide variety of systems have been developed for example, for identify-

ing areas needing development and comparing progress to peers [Bull and

Nghiem, 2002], allowing students to compare their own beliefs of their ca-
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pabilities to those inferred by the system [Kerly et al., 2008], visualizing

the students’ knowledge structure to provide a cognitive roadmap [Wang

et al., 2011], and guiding students to suitable content using social navi-

gation [Loboda et al., 2014]. For a survey of student model visualizations,

see Mazza et al. [2009].

Two interventions where student modeling was used to provide auto-

mated guidance for students, although not using visualizations, deserve

to be mentioned because their effectiveness has been evaluated in con-

trolled experiments and thus provide a benchmark for other interven-

tions. Teacher Advisor (TADV) [Kosba et al., 2005] maintains a student

model that represents the student’s knowledge of the course topics. The

system automatically detects students falling behind and helps the teacher

to effortlessly send feedback messages to students by email. The system

was evaluated in a randomized experiment where half of the students

received feedback from the system. Students found the advice helpful,

especially if they were falling behind. The treatment group had slightly

higher learning gains. Chen et al. [2008] describe a similar system that

maintains a student model and automatically sends SMS messages to stu-

dents. The messages guide students to choose what to study next, remind

about deadlines and recommend suitable student tutors. The system was

evaluated in a randomized experiment where the treatment group re-

ceived SMS messages while the control group had to log in using a PC

in order to get the same guidance. The treatment group scored higher in

weekly tests and completed a higher number of exercises. Low-performing

students had the highest learning gains.

3.4.3 Visualizing students’ behavior

Visualizations that describe student’s behavior can be embedded in the

online learning environments to support students’ monitoring and reflec-

tion of their own behavior. These systems are often referred to as dash-

boards. Verbert et al. [2014] conclude in a review of students’ dashboards

that not many of them have been empirically evaluated for their impact

on students’ performance or behavior, although some have been evaluated

using feedback surveys or usability studies.

iTree [Nakahara et al., 2005] is mobile dashboard that aims to encour-

age students to participate in an online bulletin board. It visualizes the

student’s contributions as a tree which grows branches and leaves as the

student contributes to the forum. A quasi-experiment revealed a statis-

59



Related Work

tically significant increase in the forum activity of the group using the

visualization. Feedback suggested that the students were motivated by

the visualization. Moodog [Zhang et al., 2007] visualizes the amount of

material views, spent time and forum activities of the student and the

peers to allow students to compare their own progress to others. It also

sends email messages recommending materials that the student has not

accessed yet. CAMera [Schmitz et al., 2009] monitors students’ actions

and time spent in websites and applications such as the word-processor

and email. It visualizes the student’s social network based on observed

communications, as well as time series of students’ activities. The tool

allows students to reflect on which activities or resources they have spent

time and when.

Student Activity Meter (SAM) [Govaerts et al., 2010, 2011, 2012] visu-

alizes e.g. time spent studying, number of resources accessed and forum

activities of the students, and allows comparison to peers. It also recom-

mends materials based on what peers have accessed. The system aims

to assist both teachers and students with self-reflection and awareness

of what and how the students are doing. A usability study revealed that

the visualizations helped the teachers to identify at-risk students and de-

velop the course. Students generally understood the visualizations well

and were reasonably satisfied with them.

StepUp! [Santos et al., 2012b,a] tracks the time students spend in dif-

ferent activities on websites and the Eclipse development environment.

It visualizes progress, distribution of activity per day and time spent in

different tools or activities, and allows comparison to peers. A survey for

students revealed that students considered the dashboard useful and that

it helped them to achieve goals. Most students liked comparing their ac-

tivity to others, although a few were disappointed that others could see

their activity. Many students considered the feeling of being observed as

a negative aspect. Furthermore, the users did not find the dashboard

beneficial enough to continue using it regularly.

Course Signals [Arnold and Pistilli, 2012] employs learning analytics to

predict students’ performance based on their performance so far, demo-

graphic characteristics, past academic history (GPA, test scores) and the

amount of interaction with the learning environment. Students whose

projected performance is below a threshold are sent emails that visualize

their risk level as a traffic light and include pointers to various help re-

sources on the campus. The authors compared students’ performance be-
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fore and after introducing CourseSignals and observed an improvement

in the grade distributions. Students who took courses with CourseSignals

enabled also had a lower drop-out rate than others. Students reported

that their motivation was positively affected by the system, and very few

considered the feedback demotivating.

Programming Process Visualizer [Matsuzawa et al., 2013] records and

visualizes students’ programming activities in a source code editor. The

tool shows how the number of written lines, time spent and other metrics

have evolved over time. Students can also compare their own predictions

of time usage to actual measured values, helping them to calibrate their

effort estimates. Students considered the tool useful but had mixed opin-

ions on whether it improved the accuracy of their effort estimates.

Silius et al. [2013] evaluated students’ preferences to different visual-

izations. The most useful visualizations according to the students were

diagrams that visualized the amount of activity of each group along the

course, interactive histograms that represent activity and participation

at different times, and slideshows that review the student’s activity in

the course.

Tervakari et al. [2014] evaluated visualizations that allow students to

compare their own activity and participation to peers. Many students

found the visualizations difficult to understand or not interesting. Oth-

ers found them interesting or exciting but the benefits remained unclear.

Most students (84 %) reported that the visualizations did not affect their

motivation to study. Some students criticized that the visualizations felt

competitive when they would have preferred to concentrate on their own

performance. Only a minority reported that comparison to peers moti-

vated them to improve their performance. Another visualization display-

ing which learning materials, web resources and discussions each student

had accessed was found more useful because it helped students to discover

useful materials. Also a visualization that represented the hierarchically

structured content of the learning material was useful for many students

because it helped them to easily locate the learning materials.

Wäschle et al. [2014] studied the effect of visualizing university stu-

dents’ procrastination levels. Students were asked to respond once per

week to a self-reflection protocol where they planned and reflected on their

personal learning processes and rated retrospectively their inclination to

procrastinate (e.g. Did you achieve your goals last week? What learning

goals do you want to achieve next week? I postponed my tasks until the
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very last minute.) Previous procrastination levels were visualized as a

line chart. The authors evaluated the intervention in a randomized ex-

periment where both groups responded to the self-reflection protocol but

only the treatment group saw visualizations. Students with the visualiza-

tions procrastinated significantly less and set more specific learning goals.

To further study if the effects were caused by the reflection protocol or the

visualization, the authors conducted another study, where they randomly

divided the students to three groups: no visualization, visualization, and

a fake visualization with random data. Students with the real visualiza-

tions procrastinated the least, but both visualization groups had signif-

icantly higher metacognitive and cognitive strategy use than control, in

addition to more specific goals and lower levels of stress. This suggests

that the content of the visualizations steered students to procrastinate

less, but the reflection protocol caused improvements in other areas of

self-regulation. No effects were observed on performance in either study.

3.5 Summary

To support study planning, researchers have developed recommender sys-

tems that suggest courses and curriculum visualizations that show the

dependencies between courses. However, most systems model the cur-

riculum at the level of courses and do not reveal the role of the individual

topics within the courses.

Students have been observed to procrastinate in online learning envi-

ronments as well as traditional settings, and it has been shown to im-

pair performance. Massed vs. distributed practice and trial-and-error are

less studied habits. Achievement badges have been successfully used to

increase activity, motivation or retention in various websites, but there

is little evidence of their effectiveness in educational settings. Visual-

izations for students about their own behavior have been developed, but

empirical evidence of their effectiveness is still scarce.
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This chapter addresses the first line of research in this thesis: supporting

study planning. We summarize Publication I and answer RQ 1 by propos-

ing a new study-planning method which connects students’ study plans to

their goals.

4.1 STOPS study planning tool

In Zimmerman’s [2009] model of self-regulated learning, goal-setting is

an important step in the self-regulated learning process, and it affects all

subsequent phases of the process. The goals affect the student’s evalua-

tions of the value of tasks and therefore motivation. They also influence

self-reflection because students evaluate their performance in the light of

the goals instead of absolute terms. If the student considers a task to be

relevant for the goals, he/she probably has high expectations for success,

whereas in a low-valued task merely passing the task might be satisfac-

tory.

Study planning (selecting a major, a minor and elective courses and

scheduling them) is a central goal-setting task in higher education. The

student, hopefully, has some career goal to study towards, and selects a

major that aligns with the goal. However, most existing study planning

tools do not explicitly show how individual courses or topics taught in the

courses are connected to high-level goals. We saw in Section 3.1 that tools

for supporting study planning usually work with entire courses. There

may be prerequisite dependencies between the courses, but the connec-

tions between the actual contents of the courses are not modeled. Cur-

riculum mapping tools model the connections between the topics of the

courses and the goals of the programs, but they are usually intended for

curriculum developers. Furthermore, they only consider the connection
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between each course and the degree-level goals but not the connections

between courses. Typically, topics in a basic course are prerequisites for

advanced courses, which in turn are connected to the goals of the degree

program. Therefore, the basic courses are connected to high-level goals

through learning paths that span over multiple courses even though there

is no direct connection. Making these paths visible for students is missing

from existing tools.

Current study planning and curriculum visualization tools seem to leave

a gap between the study plans and students’ goals. A list of mandatory

courses is not motivating for a student because the relevance of the top-

ics for the high-level goals are not visible. Some recommender systems

solve a part of the problem by allowing the student to specify a goal and

then recommending suitable courses, but they do not visualize what the

recommended courses contribute and why they are important.

To address these issues, we developed a tool called STOPS (Software for

Target-Oriented Personal Syllabus). Its curriculum model specifies how

the topics covered in each course are connected to other courses and the

degree-level goals. Section 4.1.1 describes the rationale and the design of

the tool, and Section 4.2 summarizes the results from a pilot study.

4.1.1 Design of the tool

The main design principle of the tool was that the connections between

course topics and the high-level goals of the programs must be explicitly

visible. The system is based on a curriculum model that is constructed in

the following way:

• The learning outcomes of each course are specified. These describe

in natural language what skills or knowledge a student is intended

to possess after completing the course.

• Prerequisite dependencies are defined between the learning outcomes.

These links define what the student is expected to know from the

earlier courses before entering the next course.

• Programs are defined as the high-level goals for students to choose.

These may represent major and minor programs on more informal

structures.

• Competence outcomes are defined for the programs analogous to the

learning outcomes of the courses. These describe what competences

the student possesses after completing the program.
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Figure 4.1. Example of the structure of a curriculum model. The solid lines repre-
sent mandatory prerequisite links and the dashed lines represent support-
ing links. The nested programs allow to define structures where a minimum
number of credits are required from a group of alternative courses. Figure
from Publication I, c©ACM.

• Prerequisite dependencies are defined between the competence out-

comes of the programs and the learning outcomes of the courses.

These describe on which courses the competencies are gained.

The curriculum model forms a graph of learning outcomes. It can be used

to describe typical university programs with majors and minors that con-

sist of mandatory and elective courses. However, it conveys more infor-

mation to students about what role the topics taught in each course play

in the big picture. The structure is illustrated in Figure 4.1.

Students construct their study plans in a top-down manner. When a stu-

dent adds a program to the plan, its prerequisite links are recursively fol-

lowed to collect the list of courses that the student must complete in order

to reach the intended competences. This results in every course having a

justification for being included in the plan. Each mandatory course has

at least one learning outcome that is connected to the selected program

through a path of learning outcomes. The structure can be visualized in

order to show how the topics of the courses build on top of each other to

form the competences. An example visualization is shown in Figure 4.2.
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Figure 4.2. Interactive curriculum visualization. The student has clicked the "The stu-
dent can analyze the stability of a beam" learning outcome of the Foundations
of Solid Mechanics course. Its prerequisite learning outcomes on the left, as
well as the competence outcomes of the Mechanical and Structural Engineer-
ing program to which the learning outcome contributes, have become high-
lighted. The solid lines represent mandatory prerequisites and the dashed
lines represent supporting links. The chains of learning outcomes can be
arbitrarily long. A structure with only three levels is show here because of
limited space.

The visualizations allow students to evaluate the value of each learning

outcome of a course for the curriculum or career level goals, and adjust

their performance goals in each course accordingly.

The visualizations are interactive. When the student clicks an outcome

of a course or a program, the outcomes linked to it become highlighted.

This allows the student to see the prerequisites of the selected outcome

as well as the areas to which the learning outcome contributes in the

subsequent courses or the program.

In addition to strict prerequisite dependencies, the curriculum model

includes supporting links between the outcomes. These links do not cause

courses to be automatically included in the plans but describe which topics
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Figure 4.3. The scheduling view allows students to drag and drop the courses (boxes) on
the teaching periods (rows, Aalto has five periods + summer). Courses whose
prerequisite dependencies are violated are highlighted in red. The selected
course is highlighted in dark blue. Its prerequisites as well as the courses
that require the selected course as a prerequisite are highlighted in light
blue. Figure from Publication I, c©ACM.

are thematically related. These links are visible in the visualizations and

are used for recommending elective courses. The student can explore the

supporting links of a competence outcome of a program to explore courses

contributing to that area. This guides students to select elective courses

that are relevant for the student’s high-level goals.

The system also includes a tool for scheduling courses on semesters. If

the student drags courses so that their prerequisite dependencies are vi-

olated, they are highlighted. This illustrates for the student for example,

that it is harmful to postpone a course which forms the basis for subse-

quent courses, and further supports goal-setting by pointing out which

courses are especially important for the student. The scheduling view is

shown in Figure 4.3

4.2 Pilot study

The STOPS tool was used in designing the renewed bachelor’s program of

the School of Engineering at Aalto University which started in Fall 2013.
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The study planning features were pilot-tested by freshmen entering the

program. The tool was demonstrated for students in the Orientation to

university studies course but its use was voluntary. Students were obli-

gated to prepare and submit a personal study plan but they were allowed

to use any tool of their choice.

4.2.1 Methods

The curriculum model included 59 courses with on average 7.1 learning

outcomes per course, and 22.8 prerequisite connections per course. It had

three major and four minor programs.

Students were randomly divided into a treatment and a control group

when logging into the system for the first time. The control group saw cur-

riculum information in the same format as it is available in traditional

study guides, i.e. lists of mandatory and elective courses and their pre-

requisites, while the treatment group was shown interactive curriculum

visualizations in addition.

Students’ activities in the system were logged, including all page views

and clicks in the interactive visualizations. After the student had selected

a major and a few elective courses and scheduled them, he/she was di-

rected to a survey. The survey included the following questions along

with a list of four mandatory courses from the student’s major. Students

rated the items on a five-point Likert scale:

• How motivated are you to complete the following courses? (not at all

motivated – very motivated)

• How interesting do you consider the topics of the following courses?

(not at all interesting – very interesting)

• How central do you consider the following courses for your compe-

tence in [name of the major]? (not at all central – very central)

The survey also had the following open-ended questions:

• On what basis did you choose elective courses?

• How did you utilize the visualizations? Did they affect you study

planning?

• What shortcomings did you notice in the system? How would you

develop it further?

After submitting the survey, the student was removed from the experi-

mental setting and given the full functionality of the system.

Our hypothesis was that visualizing the connections between the courses
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and the programs would increase students’ motivation towards the courses.

We also hypothesized that students using the visualizations would choose

more elective courses that are connected to the selected program. In ad-

dition, we analyzed the log data to evaluate how much the students used

the interactive visualizations.

4.2.2 Results

The orientation course had 279 participants. Two were excluded from the

study because they had prior studies in the university and were switching

degree programs. N=110 students logged into the system and 81 of them

(74 %) made a study plan with a major and some elective courses. This left

36 and 45 students who made a plan in the treatment and control groups,

respectively. There were no statistically significant differences between

treatment and control in how many students made a plan.

The survey was answered by 19 students. Students’ median ratings are

summarized in Table 4.1. There were no statistically significant differ-

ences in how students rated the courses. Only 12 students gave any open-

ended feedback and the answers were short and unuseful. Therefore, the

open-ended feedback is not analyzed.

Table 4.1. Students’ median ratings of the courses. Wilcoxon rank-sum test. N=19.

item median

control

median

treatment

W p

motivation 3.00 3.00 43.50 0.7970

interest 3.00 3.50 53.00 0.2406

centrality 3.25 3.50 32.50 0.7602

In order to study differences in what kinds of courses the students se-

lected as elective courses, we calculated how large a proportion of the

elective courses selected by each student was connected through the sup-

porting links to the programs that the student had selected. This metric

characterizes if the visualizations guided students to choose courses that

are related to the high-level goals of the selected programs. There were

no observable differences between treatment and control (mean control

0.449, treatment 0.472, p=0.900, Wilcoxon rank-sum test).

Students’ use of the visualizations was evaluated from the log data. Stu-

dents in the treatment group used 68 % more time to view the programs

and courses. The mean total time spent on these pages with curriculum
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visualizations were 8.0 minutes for the control and 13.4 minutes for the

treatment group. The difference was statistically significant (Student’s

T-test, p=0.023, two-tailed). On the other hand, 50 % of students in treat-

ment did not click the graphs at all, and out of those who did, the mean

number of clicks was 7.3. For comparison, one course had on average 7.1

learning outcomes.

The results do not provide much evidence that the visualizations actu-

ally changed the way students plan their studies or perceive the courses.

A small sample size in the survey undermines statistical power and the

analysis of log data provided slightly contradicting results. The interpre-

tation of results is discussed further in Section 6.1.
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This chapter addresses the second line of research in this thesis: sup-

porting self-monitoring. We summarize the results in Publication II –

Publication V and provide answers for RQ 2 – RQ 5. First, we study retro-

spectively students’ behavior in two online learning environments where

they studied programming, data structures and algorithms. This answers

RQ 2 "How common are bad study habits in online learning environments

and how do they impact performance?" and justifies that the problem we

are trying to solve exists and is relevant. Next, we evaluate the use of

achievement badges and visualizations of students’ behavior as means

to mitigate these issues, and answer RQ 3 "How do achievement badges

affect students’ behavior and performance?" and RQ 4 "How do visualiza-

tions of students’ behavior affect their behavior and performance?" These

interventions were evaluated with controlled experiments in the online

learning environments of the Data Structures and Algorithms course. Fi-

nally, we answer RQ 5 by studying what kinds of students, in terms of

achievement goal orientation and performance, responded strongest to

the badges and visualizations.

Section 5.1 first discusses the research methodology on a general level;

why were the used research methods chosen and what kinds of questions

can be answered using these methods. The research methods, materi-

als, participants and analysis methods are then described in more detail.

Section 5.2 summarizes Publication II and answers RQ 2. Section 5.3 an-

swers RQ 3 based on Publication III and Publication IV. Section 5.4 sum-

marizes Publication V and answers answers RQ 4. Section 5.5 answers

RQ 5 based on Publication IV and Publication V.
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5.1 Methodology

The motivation for implementing badges and visualizations was to steer

students towards better study practices in our online learning environ-

ments. The existence and relevance of harmful study habits are discussed

in Section 3.2 and Publication II. Our hypothesis is that these habits are

results of failures in self-regulation, and we try to mitigate the issues

with educational technologies that support students’ monitoring of their

own behavior. The improved awareness hopefully helps students to adjust

their study processes towards more desirable practices.

The two interventions, badges and visualizations, were evaluated in con-

trolled experiments in real computer science courses. Students were ran-

domly divided into two groups, one treated with the intervention and one

acting as a control group with an unmodified learning environment. Eval-

uating the interventions in real courses throughout the semester yields a

good ecological validity, i.e. the results reflect what happens in reality.

Another option could have been to conduct laboratory studies where stu-

dents are invited to a controlled environment for a few hours at a time

to perform learning activities. This could have reduced certain validity

threats, such as the contamination of the control group, but would have

sacrificed ecological validity. The students might, for example, concen-

trate better and try harder during laboratory experiments that differ from

their normal routines.

The interventions did not change the subject matter of the learning ac-

tivities in any way. We merely introduced new user interface elements

that offered goals or gave students feedback about their behavior. Stu-

dents had the option to ignore the new elements and complete the exer-

cises just like the students in the control group.

The effect of the interventions on students’ behavior and performance

was evaluated using trace measures. The online learning environment

recorded aspects of students’ activities such as what time they submitted

solutions, how many times they attempted each exercise and how many

exercise points they earned. For example, reduced procrastination would

show as the treatment group submitting exercises earlier, and reduced

trial-and-error behavior would show as a reduced number of attempts

compared to the control group. We lean heavily on quantitative methods

that are based on actual measurements from the learning environments

instead of self-reports.
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It must be noted that these trace measures reveal the end results of the

interventions, for example if students procrastinated less or performed

better. However, the actual use of self-regulation strategies was not mea-

sured. We do not know if the observed effects were caused by the in-

creased use of self-regulation strategies or some other change in the stu-

dents. It could turn out, for example, that the interventions increased

anxiety, which in turn caused a short-term improvement in performance.

In these studies, we know the cause (the intervention) and the net effect

(changed behavior of performance) but not the mediator (e.g. the use of

self-regulation strategies). Ideally, more information of what happened

inside the students’ heads could have been collected with think-aloud pro-

tocols or other self-report measures, but this was not feasible with the

available resources. There are also variables such as the effects on stu-

dents’ well-being that were not measured.

Students’ thoughts about the interventions were surveyed in the course

feedback questionnaires in the end of each course. The surveys are used

to triangulate the observations from the trace measures. They reveal,

among other things, students’ attitudes towards the experimented tech-

nologies and might reveal unwanted side-effects such as anxiety. How-

ever, the focus is on the quantitative analysis of behavior and performance

that are measured from the log data.

Another limitation in the selected approach is that controlled between-

subject experiments only reveal differences in the average behavior of the

treatment and control groups. They do not reveal how the intervention

affects individual students. It could, for example, happen that the aver-

age performance of the majority of the treatment group increases while

the performance of the very best students decreases. This kind of effect

goes unnoticed when only the averages are observed. Studying the ef-

fects on individuals would require within-subject experiments where the

same student is observed with and without the intervention. These are,

unfortunately, difficult to arrange in authentic educational settings be-

cause a properly conducted within-subject experiment requires repeated

measures that are comparable to each other. In an authentic course, the

exercises tend to become progressively more difficult which makes it im-

possible to know if the observed effects are caused by the intervention or

differences in the exercises. A within-subject experiment of sorts, where

badges were introduced to all students in the middle of the course, was

conducted in the BADGEGOALORIENTATION study. However, it focuses
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Table 5.1. Overview of the courses and studies.

Course, study Year N Research setting

Programming,

STUDYHABITS

2011–

2013

1777 retrospective analysis

DSA,

STUDYHABITS

2008–

2011

1522 retrospective analysis

DSA,

BADGEEFFECT

2012 281 badges, controlled experiment

DSA, BADGE-

GOALORIENTATION

2013 278 badges, within-subject experiment,

goal orientation survey

DSA,

VISUALIZATION

2014 215 visualizations, controlled experiment,

goal orientation survey

on how students with different goal orientations responded to badges in-

stead of how their behavior changed after the badges were introduced.

5.1.1 Courses

The studies were conducted in computer science courses at Aalto Univer-

sity, Finland. The courses utilized a blended learning approach where

students attended lectures, closed lab sessions and exams on campus but

submitted homework online. Retrospective analysis of students’ behav-

ior includes data from Basics of Programming (Python) (hereafter Pro-

gramming) in 2011–2013, and Data Structures and Algorithms (here-

after DSA) in 2008–2011. The particular programming course was se-

lected for analysis because it stayed relatively unchanged during that pe-

riod, whereas other programming courses or time periods had significant

changes in the course arrangements. The DSA course was selected as a

platform for the controlled experiments because it had a long history of

research and experiments related to online learning, and therefore it pro-

vided a stable and well understood research environment. Previous years

were included in the retrospective analysis so as to roughly match the size

of the Programming course dataset. Experiments with badges and visu-

alizations were conducted in the DSA course in 2012–2014. An overview

of the courses and studies is presented in Table 5.1.

The students in both courses were bachelors’ level university students.

Their ages are unknown but typically, students enter the university at

age 19 or later. In general, males are overrepresented in the courses, but
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gender-related differences are not analyzed in these studies. Ethnic and

socioeconomic diversity are relatively low in Finland. They are not usu-

ally considered as factors in students’ performance in the Finnish context

and are not analyzed in these studies.

The Basics of Programming was the first programming course for com-

puter science minors’ students (majors’ students took another course). It

had lectures, online exercises and an exam. The online exercises were

divided into 9 rounds with deadlines roughly a week apart, each round

containing 3–4 exercises. The students’ task in the exercises was to write

programs according to a given specification. In most exercises, some tem-

plate code was given to build on. The exercises were submitted to an on-

line system for automatic assessment. The system compared the output

of the student’s program to the output of the model implementation and

highlighted the differences. Students were allowed to improve their solu-

tions based on the feedback and submit up to ten attempts. The exercises

were graded based on how much the output differs from the specification.

A varying amount of minimum points were required from each weekly

round in order to pass the course. An extra round was available for mak-

ing up missing points. The exercises formed 50 % of the final course grade

while the final examination formed the rest. The course had lab sessions

where students could seek help from teaching assistants. Students were

allowed to collaborate in the exercises but each student submitted their

own solutions.

The Data Structures and Algorithms (DSA) course was a bachelor’s level

CS course for both majors’ and minors’ students. The course had on-

campus lectures, an exam, algorithm and program simulation exercises

completed online, lab sessions for majors, and a team project for minors.

The online exercises were divided into 7–9 rounds with deadlines roughly

one week apart, each round containing typically 5–10 exercises. Points

from the online exercises formed 20–30 % of the final course grade, 40 %

was formed by the exam and the rest by the labs (40 %, majors’) or the

project (30 %, minors’).

In an algorithm simulation exercise, the student’s task is to manipu-

late an algorithm visualization with the mouse in order to demonstrate

how an algorithm works. Students were allowed to try as many times

as they wanted, but new randomized input data was given on each at-

tempt, leading to a slightly different solution. After each attempt, the

student could compare the solution to the model answer. The exercises
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were scored based on how many steps the student made correctly. The

algorithm simulation exercises are described in more detail in [Korhonen,

2003; Korhonen and Malmi, 2004]. In a program simulation exercise, in

an analogous way, the student manipulates a program visualization to

demonstrate how a computer program works [see Sorva and Sirkiä, 2010].

5.1.2 Measures

Evaluating students’ behavior and performance is mostly based on mea-

sures that are extracted from the log data collected by the learning envi-

ronments. This section summarizes the used measures.

Procrastination is measured by the distance of the submissions from

the deadline, later referred to as earliness. In the intervention studies,

the goal was to get students to start earlier, and therefore we studied the

time of the first submissions of each weekly round. In the STUDYHABITS

study, we conducted a more detailed analysis using average submission

times of individual exercises.

In every study except the BADGEGOALORIENTATION, we characterized

trial-and-error behavior by the average number of attempts and the av-

erage time interval between attempts. In the BADGEGOALORIENTATION

study (the oldest publication PIV), we used earned points divided by used

attempts as a metric for carefulness. A student who checks the solution

carefully before submitting could be expected to reach high points with

few attempts, whereas a careless student earns low points or uses many

attempts, leading to a lower value of the metric.

In the VISUALIZATION study, average improvement and average points

from the first attempts were also used in the visualizations. The average

improvement (i.e. average point difference between consecutive submis-

sions) can be seen as an indicator of trial-and-error approach where the

student submits multiple solutions with little improvement. The average

points from the first attempt to each exercise can be seen as a measure of

carefulness and the student’s tendency to check the solution before sub-

mitting.

In the interval metric, a cut-off threshold must be used because if a

student is inactive for many hours or days, it usually does not mean that

he or she has been working on the assignment for all that time. The cut-off

threshold was two hours in all studies. This choice is arbitrary because

the data showed no natural cut-off points but simply an exponentially

diminishing number of cases. Different values of the cut-off threshold did
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not cause noticeable changes in the results.

Consecutive submissions within the cut-off threshold are considered to

belong to the same session. The number of separate sessions can be seen

as an indicator of massed vs. distributed practice.

The total time spent on the exercise can be estimated from the intervals

between consecutive submissions in the same sessions. An obvious weak-

ness is that off-task behavior cannot be detected (e.g. browsing unrelated

websites while studying), which may lead to overestimating the total time

spent. Another caveat is that the time spent for preparing the first sub-

mission cannot be measured because the first available timestamp is at

the time of the first submission. This causes the total spent time to be

systematically underestimated.

Students’ performance is characterized by earned exercise points and in

some cases the exam grades. These obviously do not capture all aspects

of learning, for example retention or transfer, and can be distorted by

other factors, such as students working together. However, these are the

best available metrics. Furthermore, these are authentic metrics in that

they determine the final grades that end up in the study records. Note

that exercise points are scaled to range 0...1 so that they are comparable

between courses.

Students were asked to answer a course feedback survey in the end of

each course. In order to yield a higher response rate, they were rewarded

with a few exam points for answering. The feedback surveys contained

numerical Likert scale questions and open-ended questions about the in-

terventions. A caveat is that the feedback surveys are usually not an-

swered by students who drop out. There is also a possible self-selection

bias because answering was voluntary. Furthermore, some types of stu-

dents may be more likely to give open-ended feedback than others.

Students’ goal orientations were measured using a questionnaire instru-

ment by Niemivirta [2002]. Each goal orientation scale comprises three

items that the students rated using a seven point Likert scale. Composite

scores were computed for each scale by averaging the item scores. Exam-

ple items from the questionnaire are shown in Table 5.2.

5.1.3 Variable centered vs. person centered analysis

Variable centered analysis focuses on the correlations between variables.

In person centered analysis, in contrast, the subjects are clustered into

groups of samples that resemble each other, and differences between the
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Table 5.2. Example items from the goal orientation survey. The actual survey was in
Finnish.

Orientation Example item

Mastery-

intrinsic

I study in order to learn new things.

Mastery-

extrinsic

To succeed at school is an important goal for me.

Performance-

approach

It feels good if I manage to show to other students that

I am capable.

Performance-

avoidance

It is important for me not to fail in front of other stu-

dents.

Avoidance I am especially satisfied if I don’t have to work too

much for school.

groups are observed [Bergman and El-Khouri, 2003]. The strength of per-

son centered analysis is that it reveals the effects of different combina-

tions of properties. Furthermore, it is well-suited for studying non-linear

phenomena and it can detect also small groups of subjects whose behavior

differs from the mainstream.

For example, suppose that we study the attractiveness of different dishes

with chocolate or broccoli added to an otherwise neutral base. Assume

that the addition of either of the ingredients increases the attractiveness

of the dish but their combination makes it repulsive. Now, if people are

offered different dishes with various amounts of the ingredients and the

correlation between the amount of chocolate and peoples’ ratings is cal-

culated, the presence of broccoli acts as a source of noise which distorts

the results. Clustering, in contrast, would identify dishes with different

combinations of the ingredients, and the average ratings between these

clusters could be compared. Person-centered analysis offers an intuitive

way to observe interaction effects even if the number of interacting vari-

ables is high. A weakness of the person-centered approach is that dif-

ferent clustering methods or parameters produce different clustering re-

sults, whereas calculating a correlation between variables always pro-

duces the same result. Therefore, comparing the results from several

person-centered studies can be challenging.

Person centered analysis was used in the BADGEGOALORIENTATION

study where students were clustered by their goal orientations, and dif-

ferences in the groups’ preferences to badges were observed. Clustering
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was performed using latent class analysis [Vermunt and Magidson, 2002]

which is a probabilistic, model-based clustering method that assumes the

data are generated by a mixture of underlying probability distributions

and estimates the model parameters using the maximum-likelihood method.

This approach was selected because it has often been used to study goal

orientation [e.g. Tuominen-Soini et al., 2008, 2011; Pulkka and Niemi-

virta, 2013b]. However, to allow a more objective comparison to the VI-

SUALIZATION study, a variable-centered analysis is reported in this sum-

mary. A person-centered approach was also used in the STUDYHABITS

study to compare students with different characteristics related to trial-

and-error behavior. In that case, the populations from the two studied

courses were clustered together to ensure identical cluster boundaries and

allow comparison.

5.2 Harmful study habits

RQ 2 asks how common are bad study habits and how do they impact

performance. This question was partly answered by a literature review

in Section 3.2 and partly by Publication II which is summarized in this

section.

5.2.1 Methods

In the STUDYHABITS study, we analyzed students’ behavior in the Pro-

gramming courses 2011-2013 and the DSA courses 2008-2011. These two

courses were selected for analysis because they include two very differ-

ent assignment types: programming exercises and algorithm simulation

exercises. In the programming exercises, the number of attempts was

limited to ten but students could keep improving their solutions based on

the feedback. The algorithm simulation exercises, in contrast, had unlim-

ited attempts but students had to start each attempt from the beginning

with a slightly modified assignment. Comparing two assignment types

sheds light on whether the issues are consistent or specific to a certain

assignment type.

The goal was to study the prevalence and impact of some study habits

that were identified in the literature: procrastination, massed vs. dis-

tributed practice and trial-and-error behavior. Because the variables de-

scribing students’ behavior are continuous, we cannot categorize students
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into those who exhibit some habit or not. Rather, different students ex-

hibit varying amounts of the characteristics. Therefore, the prevalence

of the issues cannot be described in terms of how many students exhibit

the habits. However, we can characterize how common the issues are by

characterizing, for example, how many percent of exercises the students

start on the final day on average.

The impact on performance was studied using within-subject compar-

isons, where possible. Each student’s exercises were divided into those

started early or on the last day, or completed in a single session or many,

and the two bins were compared with within-subject tests. This compari-

son tells more about the causality of the phenomenon than a between sub-

jects test that compares those students who on average start early with

those who start late. If a between subjects test revealed a correlation be-

tween starting time and performance, it would remain unknown whether

the starting time is the cause of the poor performance or whether the

least able students have a tendency to start late. A within-subjects test,

in contrast, answers how the starting time affects the performance of the

a single student, on average.

There are caveats in within-subject comparisons as well. One obvious

issue is that the exercises typically get progressively more difficult, and

therefore students’ performance tends to decline over time. In order to

compensate for this issue, we normalized the exercise points and other

attributes. The variables were normalized by subtracting the mean of the

whole class in each exercise, and by dividing with the standard deviation.

The comparison now answers whether a student performs better or worse

than the other students on average in the same exercise, if the exercise is

started early or late. The division by standard deviation means that the

differences are not expressed in absolute exercise points but relative to

the standard deviation.

In studying trial-and-error behavior, a within-subject comparison was

not feasible. The number of attempts is obviously correlated to how much

the student is experiencing difficulties with the exercise and therefore,

students obviously perform worse in the exercises where their number of

attempts is higher. Therefore, trial-and-error is only studied between sub-

jects. Furthermore, we argue that trial-and-error cannot be characterized

by the number of attempts alone. It does not count as trial-and-error if

a student struggles with the exercises and requires many attempts but

pauses to think between the attempts. Therefore, we study both the av-

80



•

Supporting Self-Monitoring

%
 o

f s
ub

m
is

si
on

s
10

20
%

0
12 10 8 6 4 2 014 12 10 8 6 4 2 014

Programming course DSA course

days before deadline days before deadline

Figure 5.1. The proportion of submissions received each day. Figure from Publication II,
c©IEEE.

erage number of attempts and the average interval between attempts. A

person-centered analysis was conducted by clustering students with la-

tent profile analysis and comparing the properties of the clusters.

5.2.2 Results

The results include 1777 students and 37142 submissions from the three

instances of the Programming course and 1522 students and 48666 sub-

missions from the four instances of DSA. The extra 10th rounds in the

Programming courses are excluded because of their skewed population.

Procrastination

In the Programming and DSA courses, 24.4 % and 25.9 % of submissions,

respectively, were received within 24 hours of deadlines. The distribu-

tion of received submissions is visualized in Figure 5.1. Note that the

figure includes all submissions from all students, and therefore students

with more submissions have a greater weight. Table 5.3 characterizes

how many percent of exercises the students started on the final day, on

average. The proportion is about a third in both courses.

Table 5.3. How many percent of exercises did the students start on the final day.

mean median

Programming 39.0 % 33.3 %

DSA 31.5 % 27.5 %

The normalized exercise points were 0.4007 and 0.2704 standard devi-

ations lower in the Programming and DSA courses, respectively, for exer-

cises started on the final day compared to those started earlier (within-
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days before the deadline. Figure from Publication II, c©IEEE.

subject comparison). Both were statistically significant at the p<0.001

level (Wilcoxon signed-rank test).

Figure 5.2 shows the distribution of normalized exercise points against

how early the first attempt to the exercise was submitted. The figure

shows the median, quartiles and 10 % and 90 % deciles, and includes all

exercises from all students. It can be seen that the quality of the worst

10 % of exercises drops sharply in the final day. This suggests that for

the most part, the starting time has no impact on performance. However,

there is a small number of very low-scoring exercises in the final day.

Massed vs. distributed practice

Table 5.4 characterizes how common it was for students to complete exer-

cises in a single session, indicating massed practice. The proportions are

around 85–90 % in both courses.

Table 5.4. How many percent of the exercises did the students complete in one session.

mean median

Programming 84.8 % 88.2 %

DSA 86.8 % 90.0 %

Students received 0.0497 (Programming) and 0.0806 (DSA) standard de-

viations lower normalized exercise points from exercises completed in a

single session than those completed in multiple sessions (within-subject

comparison). Exercises started on the final day were excluded because

starting late forces students into massed practice and the comparison

would tell more about procrastination than massed practice. The one day

threshold was selected because the drop in performance apparently occurs

in the final day (Figure 5.2). Both values were statistically significant at
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the p<0.001 level (Wilcoxon signed-rank test). However, the effect sizes

are negligible, less than a tenth of a standard deviation.

Because the exercises in both courses were small and apparently easy

to complete in one sitting, we also studied how the number of sessions in

complete weekly rounds correlated with performance. A within-subject

comparison is not feasible in this case because the number of sessions is

trivially correlated with how many exercises the students attempted to

solve, and thus how many exercise points they earned. For the same rea-

son, the earned exercise points are a useless metric for a between subjects

comparison. Therefore, we calculated the correlation between the average

number of sessions and the exam grade. This characterizes whether the

students who have the habit of distributing practice perform better in the

exam. No correlations were observed (Spearman’s ρ = −0.02, p = 0.37 in

Programming, and ρ = −0.01, p = 0.84 in DSA).

Trial-and-error

To study trial-and-error behavior, students were clustered into three clus-

ters based on the average number of attempts and average intervals. The

clusters are visualized in Figure 5.3. The prevalence of trial-and-error

behavior is difficult to characterize because the variables form a contin-

uum. The used clustering method classified 5.6 % (Programming) and

4.5 % (DSA) of the students in the cluster with a high number of attempts

but some other method would have given different numbers. Neverthe-

less, it is apparent that there exists a group of students (labeled the iter-

ators) who use significantly more attempts but do not think much longer

than the rest. There is also a group of students who spend a considerable

amount of time per attempt (labeled the careful). However, there seem to

be no students with a very high number of attempts and long intervals.

Properties of the clusters are visualized in Figure 5.4. The exact num-

bers are available in Publication II. Both the iterators and the careful

received significantly less exercise points than the others. They also had

inferior performance in the exam1. The results suggest that both behav-

iors are associated with poor performance. However, because the compar-

ison is between subjects, we cannot conclude if a bad studying strategy is

the cause of poor performance or if students’ problems with the exercises

are the cause of the increased attempts or intervals.

1difference was not statistically significant for the iterators in the DSA course
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Figure 5.3. Students clustered into the Iterators, the Careful and the Main group. Figure
from Publication II, c©IEEE.
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Figure 5.4. Performance and behavior of students categorized as the Careful (C), the It-
erators (I) and the Main (M) group. Figure from Publication II, c©IEEE.

5.3 Achievement badges

Achievement badges were evaluated as a possible method to draw stu-

dents’ attention to their study habits and facilitate self-monitoring. In the

BADGEEFFECT study, we evaluated badges in a controlled experiment,

and in the BADGEGOALORIENTATION study, we studied how students

with different goal-orientations respond to badges. In this section, we fo-

cus on the results from the first experiment (Publication III) to answer

RQ 3 about the effects of achievement badges on students’ behavior and

performance. Students’ feedback from the latter study (Publication IV) is

used as auxiliary data. The effect on goal orientation is discussed later

in Section 5.5 where we study different students’ responses to badges and

visualizations.
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Table 5.5. Descriptions of time management (T), carefulness (C) and learning badges (L).
Table from Publication III (CC-BY 3.0).

Id Icon Name Description

T1 Early Bird Complete a round with full points at least

a week before the deadline.

T2 Fast & Furious Be in the fastest 30 (majors) / 60 (minors)

who complete the round with full points.

T3 Speed Machine Be in the fastest 10 (majors) / 20 (minors)

who complete the round with full points.

C1 Got it! Get an exercise correct with first submis-

sion (also after deadline).

C2 Brainiac Get full points from the round and use at

most 2 tries for each exercise on average.

C3 Y U No Make

Mistakes?

Get full points from all the exercises in the

round with the first try.

L1 Mission

Accomplished

Get full points from the round.

L2 Recap paceR Get full points from the round and do all

the exercises correctly twice so that there

is at least a week between the first and the

last correct submission of each exercise.

5.3.1 Methods

Achievement badges were evaluated in a controlled experiment in the

DSA course in 2012 (BADGEEFFECT study). We added badges to the

TRAKLA2 online learning environment where students completed algo-

rithm and program simulation exercises. The badge criteria were de-

signed to influence three aspects of students’ behavior: time manage-

ment (starting early), carefulness (avoiding trial-and-error) and learning

(completing the exercises). The badge criteria and icons are shown in

Table 5.5. Each of the eight badges were available on each of the eight

weekly rounds, allowing students to earn a total of 64 badges.

The badges were located on the main page of the learning environment

where the exercises were listed. Initially, the badges were shown as gray

and blurry images to indicate which badges are still waiting to be un-

locked. The students were also shown descriptions of the badges and their

criteria so that they knew what to do to achieve them. As soon as the stu-
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Table 5.6. Completion criteria of the badges in the three categories and difficulty levels:
bronze (B), silver (S), and gold (G). Table from Publication IV, c©IEEE.

Category Criteria Value of X Example

B S G icon

Time

management

(each round)

50% of points of the round earned

at least X day(s) before the dead-

line

1 3 7

Learning

(each round)

Round completed with X% score 50 75 100

Carefulness

(whole course)

X assignments with perfect score

using only one attempt

5 10 15

dent fulfilled a badge criterion, the corresponding badge became visible.

However, the badges had no material value and did not affect grading in

any way. Because the study focused on the effects of the badges on in-

dividuals’ behavior rather than social aspects, students were not shown

each others’ badges. However, they saw simple statistics about how many

students had earned each badge.

The effects of the badges were evaluated by randomly dividing students

into a treatment group with the badges visible and a control group with

the badges hidden. The underlying badge mechanism awarded badges

for both groups but they were never shown to the control group. This

allowed us to compare how many badges the control group earned "acci-

dentally", as a baseline measure. A difference in the number of earned

badges between treatment and control can be thought to be the result of

the treatment group consciously aiming to earn badges. We also observed

students’ behavior from the log data and their performance in terms of ex-

ercise points. A feedback survey in the end of the course contained some

numerical and open-ended questions about badges.

Badges were also used in the DSA 2013 course which used the A+ learn-

ing environment (BADGEGOALORIENTATION study). Badges appeared

to all students in rounds 5–8 while the first rounds provided a baseline.

The available badges, their criteria, and a list of earned badges were de-

scribed on a separate badge summary page and not on the front page.

When a student earned a badge it also appeared on the side of the exer-

cise page. Students did not see each others’ badges. The badges addressed

the same three aspects of students’ behavior but the criteria were slightly

modified. The criteria are shown in Table 5.6. The badges had no effect
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(a) Total number of

badges awarded

(p=0.06).

(b) Earliness of exer-

cise submissions

(p=0.10).

(c) Average time per

submission (p=0.04).

(d) Number of at-

tempts per exercise

(p=0.20).

Figure 5.5. Box plots of students’ behavior in treatment and control groups. Figure from
Publication III (CC-BY 3.0).

on grading. Students’ visits to the badge summary page were logged and

feedback about the badges was collected in the end of the course.

5.3.2 Results

The results of the BADGEEFFECT study include all students (N=281) who

completed at least one online exercise. The drop-out rates2 in the online

exercises were 15.5 % and 17.3 % for treatment and control groups, respec-

tively. The rates did not differ significantly (Fisher’s exact test p=0.7482).

The difference of the total number of earned achievement badges was

not statistically significant (Wilcoxon rank-sum test, W = 8596, Ntreatment =

142, Ncontrol = 139, p = 0.06, two-tailed) (see Figure 5.5a). The numbers for

each badge type separately are visualized in Figure 5.6. It can be seen

that the treatment group earned all badge types more than the control

group.

Some badges were easy to earn and almost all students in the control

group, too, earned them (e.g. C1). Some badges, on the other hand, were

difficult to reach and were only awarded for a few students. To reduce

2Students who did not reach the required minimum points from the exercises,
out of all students who submitted something.
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Figure 5.6. Numbers of awarded badges. Figure from Publication III (CC-BY 3.0).

the weight of the badges that many students earned "by accident", we

normalized the numbers by dividing the numbers of earned badges by the

mean number of badges earned by the control group, for each badge type

separately. Using the normalized values, the difference was statistically

significant (mean treatment = 45.45, mean control = 8.00, Wilcoxon rank-

sum test, W = 7950, p < 0.01).

The effect on time management was studied by measuring the time of

the first submission of each weekly round to the deadline. The treatment

group started slightly earlier (mean 6.0 days in treatment, 4.7 days in con-

trol), but the difference was not statistically significant (Wilcoxon rank-

sum test, W=8736, p = 0.10, two-tailed) (see Figure 5.5b). The proportions

of submissions received during the last 24 hours were 33.2 % and 39.1 %

for treatment and control, respectively.

The effects on trial-and-error behavior were studied by observing the in-

tervals between submissions and the numbers of attempts. The treatment

group spent a longer time between submissions (mean treatment = 8.59

min, mean control = 7.26 min) and the difference was statistically signif-

icant (Wilcoxon rank-sum test, W = 8265, p = 0.04, two-tailed) (see Fig-

ure 5.5c). They also used less attempts (mean treatment = 2.33, mean con-

trol = 2.41) but the difference was not statistically significant (Wilcoxon

rank-sum test, W = 10734, p = 0.20, two-tailed) (see Figure 5.5d).

The distribution of the exercise grades is shown in Figure 5.7. The dis-

tribution has slightly shifted in favor of the treatment group. However,

the difference is not statistically significant (Pearson’s χ2 test, df = 6, χ2 =

4.09, p = 0.66).
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100%
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80-89% (grade 4)
70-79% (grade 3)
60-69% (grade 2)
50-59% (grade 1)
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Figure 5.7. Distribution of total exercise points.

Table 5.7. Numerical feedback answers about the achievement badges in the BADGEEF-
FECT study (N=86). (0 = Strongly disagree, 1 = Somewhat disagree, 2 = Do not
know, 3 = Somewhat agree, 4 = Strongly agree). Mode classes are highlighted.
Table from Publication III (CC-BY 3.0).

Feedback item 0 1 2 3 4

I found the badges motivating. 7% 8% 10% 44% 30%

Badges disturbed my work. 76% 8% 8% 7% 1%

Trying to achieve badges had an effect on

my behavior.

17% 12% 8% 41% 22%

Visual look of the badges was good. 0% 14% 8% 51% 27%

I was satisfied with the criteria for award-

ing badges.

0% 15% 19% 44% 22%

I think that badges should be used in

TRAKLA2 in the next year’s course as well.

1% 0% 20% 34% 45%

Table 5.8. Numerical feedback answers about the achievement badges in the BADGE-
GOALORIENTATION study (N=163).

Feedback item 0 1 2 3 4

I found the badges motivating. 19% 24% 17% 25% 14%

Badges disturbed my work. 62% 14% 15% 6% 3%

Trying to achieve badges had an effect on

my behavior.

39% 21% 12% 16% 12%

Visual look of the badges was good. 3% 5% 22% 44% 26%

I was satisfied with the criteria for award-

ing badges.

3% 8% 42% 30% 18%

I think that badges should be used in A+ in

the next year’s course as well.

7% 11% 28% 23% 30%

In the BADGEEFFECT study, 86 students from the treatment group gave

numerical feedback about the badges in the end of the course (61 % re-

sponse rate). The answers are summarized in Table 5.7. The major-

ity of the students reported being motivated by the badges (74 % re-

sponded somewhat or strongly agree) and that badges affected their be-
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havior (63 %). The majority also recommended badges to be used in the

future as well (79 %). On the other hand, some students (8 %) reported

that badges disturbed their work.

In the BADGEGOALORIENTATION study, 163 students gave feedback

about the badges (59 % response rate)3. The answers are summarized

in Table 5.8. A notable difference is that much fewer students reported

being motivated by badges (39 %) or that badges affected their behavior

(28 %).

Open-ended feedback from the BADGEEFFECT study were analyzed us-

ing thematic analysis to triangulate the findings from log data and nu-

merical feedback. Some students reported that badges increased their

motivation (I got a feeling like in a car game. It was funny how much

I wanted to unlock them) or that badges affected their behavior (I often

checked the answer many times before submitting to make sure it’s cor-

rect). Some students reported being indifferent towards the badges (They

did not give me any motivation. I did [the exercises] just for the points

and to learn). Clearly negative attitudes towards the badges were only

reported by some students in the control group (I was only happy that I

didn’t have them, because there would have been a constant pressure to try

to get them and there was enough hurry anyway).

5.4 Visualizing behavior

According to Butler and Winne’s [1995] model of self-regulated learning,

students should benefit from feedback that helps them to calibrate the

accuracy of the predictions of performance that they make based on task

cues. Although every student should be aware of their own behavior, they

may be inaccurate in predicting how the behavior affects performance.

For example, students should be aware if they submit every exercise at

the last minute, but they may underestimate its harmfulness. This mis-

match between students’ perceptions of their own performance and their

actual expected performance is called poor calibration. As one potential

way to improve calibration, we studied visualizations that explicitly show

to students their current measured behavior and how similarly behaving

students have performed in past courses. The visualizations were evalu-

3In Publication IV, the results only include students who answered the goal ori-
entation survey, and therefore the numbers differ slightly between this summary
and the publication.
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ated in a controlled experiment in the DSA 2014 course (VISUALIZATION

study). In this section, we summarize Publication V and answer RQ 4.

5.4.1 Visualizations

Students’ behavior was visualized using heatmaps where the x and y axes

corresponded two of the following metrics: number of attempts, points

from first submissions, intervals between submissions, improvements be-

tween submissions and earliness of first submissions. The meanings of

these variables have been explained in more detail in Section 5.1.2.

The colors of the heatmap showed how students in the past courses per-

formed in terms of final exercise points in the end of the course. For ex-

ample, students in the corner of an earliness–attempts heatmap are those

who submitted at the last minute using many attempts. The color of

the heatmap in that corner is determined by the average final points of

students who behaved in that way. The color palette used a traffic light

metaphor, so that the minimum points required to pass the course were

mapped to red and the maximum points to green. An alternative red-blue

palette was available for the color blind. In addition to heatmaps, there

were two-dimensional line charts where the x axis represented behavior

and the y axis the final points. Examples of the visualizations can be seen

in Figure 5.8.

The heatmaps were generated using nearest neighbor smoothing [Alt-

man, 1992] using data from the previous DSA courses (2008-2011) with

1197 data points (students). The visualizations only included the algo-

rithm simulation exercises because no past data were available for the

program simulation exercises. In nearest neighbor smoothing, the color

of each pixel is determined by the mean of the m nearest data points. This

is analogous to a moving average filter that helps to smooth out the noise

caused by outliers. We chose the value of m=100, i.e. a pixel represents

about 8 % of the past students. A lower value would produce a heatmap

with more detail and more noise from outliers, while a higher value would

produce a smoother, more blurry heatmap.

The student’s current behavior in the ongoing course was shown with a

’You are here’ mark. The coordinates were calculated from the student’s

average behavior in the exercises submitted so far, and they were updated

after each submission. This visualization gave students a prediction of

the final exercise points based on observed behavior. If the ’You are here’

mark drifted to the red area, the student could see that he/she is in a risk
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(a) attempts –

first submission

(b) attempts –

interval

(c) improvement –

interval

(d) earliness –

attempts

(e) earliness –

improvement

(in alt. palette)

(f) earliness –

interval

(default)

(g) interval (h) earliness

Figure 5.8. Heatmap and line chart visualizations available to students. In subfigures
a-f, the color represents past students’ final points as a function of their be-
havior. In subfigures g-h, the thick line represents final points and the gray
area lower and upper quartiles. Figure from Publication V, c©IEEE.

group.

Six heatmaps and two line charts, shown in Figure 5.8, were available

to students. The visualization was placed in the front page of the A+

online learning environment, next to the list of exercises. A screenshot

of the page is shown in Figure 5.9. Below the visualization, there were

explanations of the charts and axes. Initially, students were shown the

earliness–interval heatmap, and they could change the visualization from

a dropdown menu. The previously selected visualization stayed selected

on the next login as well. The clicks were logged which gives an estimate

of how often each student studied the visualizations.

5.4.2 Procedure

Students were randomly divided into a treatment and a control group

when they logged into the learning environment for the first time. Visual-

izations appeared for the treatment group in the beginning of the second

weekly round while the first round provided a baseline without the inter-

vention. The effect was evaluated by comparing the change in behavior

92



•

Supporting Self-Monitoring

Figure 5.9. Student’s view of the learning environment with the heatmap visualization
on the right. The red dot indicates student’s own behavior. Figure from Pub-
lication V, c©IEEE.

between the baseline and intervention rounds, between treatment and

control. Observing the change instead of the absolute values potentially

provides a better signal-to-noise ratio, given that the differences between

the students may be larger than the differences caused by the interven-

tion. The analysis does not include students’ behavior in the program

visualization exercises (10 out 55 exercises) which were not included in

the visualizations. Feedback about the visualizations was collected in the

course feedback survey in the end of the course. The intervention did not

affect grading in any way, and students were not explicitly encouraged to

stay on the green area. The goal was to study how the mere availability

of the visualizations affects the students.

In addition to comparing the whole treatment and control groups, we

studied the subsets of high and low-performing students. Because as

much as 65 % of students earned full points from the baseline round,

the points from the best submissions did not sufficiently differentiate stu-

dents. Instead, we divided them into to high or low performing ones based

on their average points from the first submissions in the baseline round.

They were split around the median, which was 53 % of maximum points.
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Figure 5.10. Earliness of all, low and high performing students round-by-round in the
heatmap study. Figure from Publication V, c©IEEE.

5.4.3 Results

The results include N=215 students with 109 of them in the treatment

group. Students who submitted the Round 1 exercises so late that the in-

tervention had already been activated are excluded from the study, as well

as those who did not submit anything on Round 1 or Rounds 2–8, because

the change in behavior obviously cannot be calculated for them. The drop-

out rates in the online exercises were 11.9 % and 13.1 % for treatment and

control groups, respectively. The rates did not differ significantly (Fisher’s

exact test p=0.8463).

A statistically significant difference was observed in the earliness of the

high-performing students (mean change in control: -0.6443 days, treat-

ment: 1.7835 days, p=0.03, Student’s T-test, two tailed, positive number

indicates that students started to submit earlier). No significant differ-

ences were observed in the low-performing students, or the average num-

ber of attempts in either group. The earliness metrics for each weekly

round are visualized in Figure 5.10, and the exact numbers are available

in Publication V.

No difference was observed in the change in exercise points from base-

line to intervention. However, because the majority of the students al-

ready earned full points from the baseline there was little room for im-

provement. Therefore, we conducted another comparison with absolute

exercise points from Rounds 2–8. The treatment group earned signifi-

cantly more exercise points (median control: 1821 points, median treat-

ment: 1860 points, p=0.03, Wilcoxon rank-sum test, two-tailed).
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Table 5.9. Numerical feedback to the Heatmap study. (0=completely disagree, 1=some-
what disagree, 2=cannot say, 3=somewhat agree, 4=completely agree). Mode
classes are highlighted. Table from Publication V, c©IEEE.

feedback item 0 1 2 3 4

The charts affected how I did exercises

and submitted them.

54% 21% 15% 8% 2%

The charts gave me useful information

of my own activities.

27% 17% 29% 23% 4%

The charts disturbed my work. 60% 14% 21% 4% 0%

The charts were easy for me to interpret. 13% 21% 10% 33% 23%

In think that the charts should be used

in the next year’s course as well.

8% 6% 40% 31% 15%

Feedback

52 students from the treatment group gave numerical feedback about the

visualizations (48 % response rate). The feedback is summarized in Ta-

ble 5.9. The majority of the students (75 %) responded that the visual-

izations did not affect their behavior, but few (4 %) reported that the vi-

sualizations disturbed them. 46 % recommended that the visualizations

are used in the future as well, while 40 % were indifferent. Most stu-

dents (79 %) reported only studying the visualizations once or a few times

during the course.

Students’ open-ended feedback is not reported in Publication V and there-

fore it is reported here to allow comparison to badges. The open-ended

feedback was categorized with thematic analysis using the same proce-

dure as in the BADGEEFFECT study (PIII). 33 students gave open-ended

feedback. The themes are described below, together with examples repre-

senting typical answers on the theme. The feedback was in Finnish but

has been translated to English.

Affected behavior: A few students reported that the visualizations

affected their behavior. One suggested that the effect was temporary.

"The charts slightly encouraged to do early and to take your time." "Af-

ter they appeared I had certain jump in motivation to do more exercises

that night/the next day."

No effect on behavior: Many students reported that the visualiza-

tions were unnecessary or had no effect, although some considered them

’nice to know’. "I didn’t see them useful." "The charts were nice but they

had no effect on my doings."
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Stating the obvious: A few students noted that the visualizations

showed something that the student knew already. "The results are ob-

vious even without the pictures." "You know the information in the charts

by ’gut feeling’ without seeing them."

Difficult to understand: A few reported that the visualizations were

difficult to understand. "Why not use simpler and clearer charts?" "The

charts could have been more understandable or better explained."

5.5 Individual differences

This section addresses RQ 5 "How do individual differences, in terms of

goal orientation or performance, affect students’ responses to the badges

or visualizations". We use results from the BADGEGOALORIENTATION

study (PIV) and the VISUALIZATION study (PV), which both had a goal

orientation survey in the beginning. In both courses, the interventions

were introduced later during the course, which allows us to evaluate stu-

dents’ performance prior to the interventions.

5.5.1 Methods

The courses and the interventions have been described in Sections 5.3.1

and 5.4.1. Our goal was to study the connection between students’ goal

orientations or performance, and how much interest they exhibited to-

wards the interventions. Studying the change in behavior or performance

is not feasible because they are affected by individual differences regard-

less of the interventions. As an indicator of how strongly a student re-

sponded to the interventions, we used the number of visits to the badge

summary page and the number of clicks to switch the heatmap visual-

ization. The visit and click counts are normalized by dividing them with

the number of attempted exercises, to take into account that students who

complete more exercises spend more time in the system and have more op-

portunities to interact with interventions. Another possible metric would

have been the self-reported values from the feedback surveys but that

would have decreased the sample size considerably.

5.5.2 Results

The results include 254 students in the BADGEGOALORIENTATION study

and 109 students in the VISUALIZATION study.
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Figure 5.11. Students’ interest towards the intervention vs. their exercise points before
the intervention. The medians and the top quartiles are shown with dashed
lines. Figure from Publication V, c©IEEE.

Table 5.10. Spearman’s correlations between students’ performance and interest towards
the interventions. Total points = earned total exercise points before the in-
tervention. First attempts = average points from the first attempts to each
exercise before the intervention. Table from Publication V, c©IEEE.

intervention metric r2 p

badge
total points 0.046 0.0035 *

first attempts 0.071 0.0003 *

heatmap
total points 0.001 0.7823

first attempts 0.060 0.0345 *

Performance

Table 5.10 shows Spearman’s correlations between the students’ baseline

performance and the interest towards the interventions. The exercise

points have a strong ceiling effect especially in the VISUALIZATION study

where only one weekly round provided the baseline. Therefore, the points

from the first attempts to the baseline exercises are reported as an alter-

native performance metric in addition to the total points. Both studies

show a statistically significant positive correlation, accounting 0–5 % of

the variance of the total points and 6–7 % of the variance of the first at-

tempt points. However, correlations do not describe the phenomenon very

well because of the ceiling effect. Figure 5.11 visualizes the variables. It

can be seen that the students who exhibited the most interest towards the

interventions were mostly high-performing.
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Table 5.11. Spearman’s rank correlation between goal orientation and badge views /
heatmap clicks. Table from Publication V, c©IEEE.

orientation study r2 p

mastery int.
badge 0.002 0.5265

heatmap 0.000 0.8865

mastery ext.
badge 0.028 0.0229 *

heatmap 0.036 0.1016

perf. appr.
badge 0.068 < 0.001 *

heatmap 0.022 0.2066

perf. avd.
badge 0.003 0.4340

heatmap 0.062 0.0308 *

avoidance
badge 0.006 0.3051

heatmap 0.010 0.3885

Goal orientation

To study how goal orientations affected students’ responses towards the

interventions, we calculated the correlation between each goal orienta-

tion and the normalized badge summary views or heatmap clicks. The

results are shown in Table 5.11. In the badge study, mastery-extrinsic

orientation explained 2.8 % of the variance. There was also a statisti-

cally significant correlation with performance-approach which explained

6.8 % of the variance. In the heatmap study, in contrast, there was a

statistically significant correlation with performance-avoidance which ex-

plained 6.2 % of the variance. The results suggest that different kinds of

people responded more strongly to the two interventions. Performance-

approach oriented students exhibited more interest towards the badges

whereas performance-avoidance oriented were more interested in the vi-

sualizations. The result must be interpreted with some caution, however,

because the two interventions were evaluated in two separate studies.

Furthermore, the correlations were weak.
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6. Discussion

In this chapter, we revisit the research questions, interpret the results of

the studies and discuss how the results align with the theoretical frame-

work as well as previous studies.

6.1 Study planning

RQ 1 How to support study planning so that the connections between the

courses and the students’ high-level goals become visible?

Zimmerman’s [2009] model underlines that the phases of self-regulated

learning, forethought, performance and self-reflection, influence each other

in a cyclical manner. The goals that students set in the forethought phase

set the standards against which they monitor their progress in the per-

formance phase and self-evaluate in the self-reflection phase. Poorly set

goals misguide the whole SRL process. Therefore, it is important that

students have an accurate understanding of which topics in each course

are important for the high-level goals of the degree program that the stu-

dent has chosen. The STOPS tool supports this by means of interactive

curriculum visualizations.

Bandura [1986] suggests that students can set three kinds of criteria

for self-evaluation: objective criteria, progress criteria and social crite-

ria. Objective criteria compare performance to the intended competence,

progress criteria compare current performance to earlier performance,

and social criteria compare performance to other students. In the light

of goal orientation theory, objective criteria could be expected to elicit

mastery goals which are associated with positive outcomes such as self-

efficacy, persistence, deeper learning strategies and high intrinsic moti-

vation [Kaplan and Maehr, 2007; Grant and Dweck, 2003]. However, if

the importance of the course topics are unclear for the students, they are
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limited to using social or progress criteria. Panadero and Alonso-Tapia

[2014] suggest that social criteria foster the least adaptive strategies.

The results from the pilot study, unfortunately, do not provide solid em-

pirical evidence that the visualizations help students. Results of the use

of the visualizations are slightly contradicting. On one hand, students

in the treatment group spent significantly more time on the pages with

visualizations, suggesting that they did spend time to study them. On

the other hand, the numbers of clicks in the visualizations were very low.

There may have been usability problems which caused some students to

not realize that the visualizations are interactive. It is also possible that

logging of the client-side events in the student’s browser worked unreli-

ably, although we are not aware of any malfunctions.

Students’ selections of elective courses revealed no quantitative differ-

ences. One problem was that the user interface of the control group also

guided students to choose electives from a list of courses that are con-

nected to the degree programs. More fine-grained metrics would be neces-

sary to reveal if the visualizations guide students to choose courses that

support some specific areas that they are interested in. No differences

were revealed by the survey either, possibly because the sample size was

small (N=19). Unfortunately, we lacked the resources to repeat the study

the next year.

Despite of failing to show empirically that visualizations help students,

we have shown with a proof-of-concept that this method of constructing

a detailed curriculum model and visualizing it is feasible. The amount

of work required to construct the curriculum model was manageable be-

cause it was divided between the teachers of the courses. Modeling the

connections between the learning outcomes of courses instead of entire

courses offers students information that is not available in more coarse

curriculum models. Traditional curriculum mapping reveals direct con-

nections between courses and the degree-level goals, but the new method

reveals the paths of learning outcomes that connect course topics to the

degree-level goals through other courses.

Recommender systems solve the problem of suggesting relevant courses

using data mining approaches. The STOPS tool is more focused on reveal-

ing the connections between contents, and as a side-effect, the curriculum

model can be used for suggesting electives. A hybrid approach where rec-

ommender algorithms would be used in conjunction with a detailed cur-

riculum model might be worth investigating in the future.
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In addition to supporting students, the curriculum visualizations pro-

vide a tool for curriculum developers as well. Constructing the model

and visualizing it reveals issues such as unnecessary repetition of content

in multiple courses, lacking support for some degree-level goals in the

curriculum, learning outcomes that do not serve a purpose, prerequisite

chains that cannot be studied within the intended graduation time, etc.

6.2 Self-monitoring

In the second part of the thesis, we explored supporting students’ mon-

itoring of their study habits in online learning environments by using

achievement badges and visualizations. The goal was to find technolo-

gies that can be implemented in courses in an automated and scalable

way, without requiring much effort from the instructor. Both achieve-

ment badges and visualizations were implemented as extensions to ex-

isting learning environments. The badges may require fine tuning of the

criteria for each course, but they work automatically and could easily be

included in different courses that utilize automated assessment. The visu-

alizations require data from previous years, but they are generated and

presented automatically, and therefore they could be built into learning

management systems. The value of new educational technologies must be

evaluated by comparing the gained benefits to the costs. When the over-

head costs are small, even slight improvements in the outcomes would

justify their use, as long as the interventions are not harmful.

6.2.1 Study habits

RQ 2 How common are bad study habits in online learning environments

and how do they impact performance?

The second research question asks whether there are signs of insuffi-

cient self-regulation in online learning environments, i.e. is there a prob-

lem that needs solving. The question was in part answered with a litera-

ture review and in part by the STUDYHABITS study.

The literature suggests that procrastination is common in online learn-

ing environments [e.g. Taraban et al., 1999; Edwards et al., 2009; Falkner

and Falkner, 2012; Spacco et al., 2013], and that procrastinating students

perform lower [e.g. Tuckman, 2005; Michinov et al., 2011; Spacco et al.,

2013]. Our results in the STUDYHABITS study are well in line these re-
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sults. Students started on average a third of their exercises on the final

day in both courses. A within-subject comparison suggested that procras-

tination impairs performance, which is in line with the findings of Ed-

wards et al. [2009].

Distributed practice has been observed in some studies to be associated

with better outcomes [Fenwick et al., 2009; Vihavainen et al., 2011]. The

STUDYHABITS study revealed that students favored massed practice, but

the evidence suggests that its impact on performance is negligible. How-

ever, the exercises in the study were relatively easy and more complex

assignments might benefit more from distributed practice. This topic has

not been studied much in the context of automatically assessed exercises,

and the prior studies do not seem to take into account the fact that pro-

crastination implies massed practice and impairs performance in itself.

Further studies are needed in this area.

Trial-and-error has received little attention in the literature, probably

because it mostly affects automatically assessed exercises which are still

not that common. Results from the STUDYHABITS study suggest that

signs of trial-and-error behavior are associated with lower performance,

but the causality of the relationship proved difficult to study. The within-

subject approach used to study procrastination does not work because the

number of attempts and the student’s performance in the tasks are linked.

We could argue that students with a high number of attempts used an

inefficient strategy because they did not pause to think between the at-

tempts, which could have been expected if they were struggling with the

exercises. However, because there are challenges in reliably measuring

the time used for solving the exercises, these results must be interpreted

with caution. There were signs that may indicate a trial-and-error ap-

proach, but the prevalence and harmfulness of the phenomenon require

further study.

6.2.2 Achievement badges

RQ 3 How do achievement badges affect students’ behavior and perfor-

mance?

Badges were evaluated in a controlled experiment in the BADGEEFFECT

study. The treatment group earned more badges than the control group,

although the difference was only significant after a normalization that

reduced the weight of badges that were trivial to earn. The result suggests

102



•

Discussion

that the treatment group pursued the badges, and therefore influenced

their behavior according to the badge criteria.

Analysis of students’ behavior revealed a statistically significant differ-

ences in the time used per submission and the total time used in the

learning environment, which suggests a more thoughtful learning strat-

egy. The treatment group also had a higher number of sessions in the

system. No differences were seen in time management or performance.

The results must be interpreted with some caution. Multiple tests were

conducted which increases the probability of finding some statistically sig-

nificant results by chance. However, all metrics showed a difference in

favor of the treatment group. If the differences were due to noise, some

metrics should show a difference in favor of the control group as well.

Prior studies on procrastination suggest that scaffolding improves time

management [Tuckman, 1998, 2007] but incentives are not effective [Al-

levato and Edwards, 2013; Spacco et al., 2013]. Our results are in line

with these studies because badges are clearly an incentive. The results

from Malmi et al. [2005] show that limiting resubmissions reduces trial-

and-error behavior but may also impede learning because students fail to

reach equally high exercise points. Badges were an attempt to encour-

age a thoughtful study strategy while still allowing unlimited resubmis-

sions for those who require them. According to the results, we may have

achieved something like this because the trial-and-error metrics had a

significant difference in favor of the treatment group. However, because

between-subjects experiments reveal differences in the average behavior,

it is not clear if badges had an effect on the most problematic cases or

rather, did they steer high-performing students from a few attempts to

one. Studying the effects in different kinds of students would require a

within-subject test, which are difficult to conduct in authentic educational

settings because of differences in the exercises.

It is clear that the badges had a strong influence on the behavior of

some students. A few reported extreme behaviors such as solving most

of the weekly rounds in one evening to earn the badges. According to the

feedback, 74 % of students found the badges motivating, and they had an

effect on the behavior of 63 % of students. The results suggest that badges

do affect students but the effect is not strong enough to show consistent

differences in the statistics.

Students’ responses towards badges are often found to differ greatly

[Domínguez et al., 2013; Abramovich et al., 2013; Denny, 2013; Haara-
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nen et al., 2014], which is consistent with our results. Some students re-

ported extreme changes in behavior but the overall average effects were

weak. Another interesting observation is that students reported much

lower motivation and effect in the BADGEGOALORIENTATION study. This

suggests that the badge criteria and implementation play a significant

role, which has also been observed by Anderson et al. [2014]. The rele-

vant research question seems to be what kinds of badge criteria produce

the best outcomes and on what kinds of students.

At this point, badges do not appear to be a silver bullet that would offer

an easy way to improve results. On the other hand, there is no evidence

of harmful side effects either. The students did not, for example, report

badges causing stress or anxiety.

6.2.3 Visualizations

RQ 4 How do visualizations of students’ behavior affect their behavior and

performance?

Butler and Winne’s [1995] model predicts that students would benefit

from cognitive feedback that improves their understanding of their own

performance and what factors affect it. The heatmaps in the VISUAL-

IZATION study could be seen as cognitive feedback that gives students an

explicit prediction of their performance given their past and current be-

havior. On the same note, Tuckman [2005] reports that procrastinating

students use rationalizations such as "I know I can pull this out at the last

minute", and suggests that the key to change may be getting them to rec-

ognize the inaccuracy of these rationalizations. This might be achieved by

visualizing evidence of the harmfulness of such behaviors from the previ-

ous years.

The visualizations were evaluated in a controlled experiment in the VI-

SUALIZATION study. The intervention had an effect on the performance of

the treatment group and on the time management of the high-performing

students. No effects were observed in the trial-and-error metrics. How-

ever, if the intervention mostly affected the high-performing students,

there may have been little room for improvement in this regard. The

majority of the students (75 %) reported that the visualizations had no

effect on their behavior. This suggests that the intervention affected a

small group of students but the effect was strong enough to show in the

statistics. The visualizations may also have subconscious effects that the
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students failed to report. Some students (35 %) reported that the visu-

alizations were difficult to interpret. It is possible that better visualiza-

tions would increase their effectiveness. The high number of students who

never viewed other than the default visualization may also suggest that

some students did not notice the interactivity.

6.2.4 Goal orientation

RQ 5 How do individual differences, in terms of goal orientation or perfor-

mance, affect students’ responses to the badges or visualizations?

In the BADGEGOALORIENTATION study, mastery-extrinsic orientation

was correlated to interest towards the intervention. This is not surpris-

ing because the badges offered an extrinsic indicator for performance. A

more interesting observation is that interest towards the badges corre-

lated with performance-approach orientation while interest towards the

visualizations correlated with performance-avoidance. This is in line with

goal orientation theory. Badges are a form of gamification, and students

may perceive them as competitive even though the badges were not visible

to others. Therefore, students who aim to outperform others were inter-

ested in them. Visualizations, on the other hand, provided warning signs

if the student exhibited alarming behavior, and the student was compared

to past students. Therefore, students who were concerned about being in-

ferior to others paid interest to the visualizations.

Performance-avoidance goals have been associated with negative out-

comes such as anxiety, stress and cynicism [Urdan et al., 2002; Tuominen-

Soini et al., 2008]. This raises the concern that even though the visualiza-

tions improved the students’ performance it may have negatively affected

their well-being. Santos et al. [2012a] reported that when dashboards

were used to visualize students’ activities, most students reported the

feeling of being observed as a negative aspect. Tervakari et al. [2014] re-

ported that some students did not like visualizations that compared their

performance to others because they felt too competitive. These findings

underline that when designing interventions, it is important to consider

the mechanism through which they affect students, and it is not sufficient

to evaluate their effect on exercise or exam performance alone.

Our badge system lacked the social aspect of gamification because the

badges were not visible to others. This may have reduced their effective-

ness [Falkner and Falkner, 2014]. Especially since the badges seemed
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to interest the performance-approach oriented students, the lack of the

competitive aspect may have rendered them ineffective. It remains to be

studied if a social badge system would have a stronger effect and whether

it would cause anxiety in performance-avoidance oriented students (al-

though the ethical aspects must be properly addressed since the hypoth-

esis suggest anxiety). A possible advantage of badges over visualizations

is that badges are only triggered by success and not failure, and therefore

they are easy to ignore by those students who do not choose to pursue

them. It may, of course, be possible to also design visualizations that ap-

pear less competitive and have less emphasis on failure.

6.2.5 High vs. low performers

Students who exhibited the most interested towards the badges and visu-

alizations were mostly high-performing. This suggests that the interven-

tions did not reach well the low-performing students who actually have

room for improvement.

Abramovich et al. [2013] reported that badges had an effect on the low-

performing students in their experiment. The difference to our exper-

iment is that Abramovich et al. rewarded for participation while our

badges provided additional challenges. Nicholson [2012] argues that gam-

ification must be meaningful for the user in order to be effective. Addi-

tional challenges are only meaningful for high-performing students. Low-

performing students may be struggling with the exercises in the first place

and thus perceive the badge criteria as unreachable (e.g. solve the exercise

correctly on the first attempt). Furthermore, the low-performing students’

goals may be lower and therefore reaching extra rewards in addition to a

passing grade may be meaningless. We hypothesize that rewarding for

participation (e.g. a badge for trying to solve every exercise) would have a

stronger effect on low-performing students because the criteria are within

their reach.

According to Bannert et al. [2009], students do not self-regulate sponta-

neously if SRL strategies are not explicitly taught. Our interventions did

nothing to directly teach SRL because we studied if the mere presence of

badges or visualizations were enough to foster self-regulation. Bannert

et al. state that especially if the student lacks metacognitive competence,

it is necessary to teach it directly. They argued in their study that all

university students should possess metacognitive competence and there-

fore do not need direct support. However, several studies suggest that
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low-performing students use less SRL strategies [e.g. Richardson et al.,

2012]. The lack of metacognitive competence in low-performing students

may explain why the interventions did not reach them well. It appears

that in order for these interventions to reach low-performing students,

SRL strategies should be explicitly taught first.

Wäschle et al. [2014] observed an effect on students’ procrastination

levels when they had to respond to a self-reflection protocol where they

planned and reflected on their personal learning processes. Such an activ-

ity may be more successful in drawing students’ attention to their habits

than visualizations that work automatically. The problem remains how

to motivate students to voluntarily respond to the self-reflection protocol.

In several studies, push messages (e.g. SMS) have improved the perfor-

mance of low-performing students [Kosba et al., 2005; Chen et al., 2008;

Goh et al., 2012]. It could be that because low-performing students lack

metacognitive competence, they easily ignored our interventions in the

online learning environments, whereas push-messages are more difficult

to ignore. Badges and visualizations may be interventions that elicit

SRL in students who already have that tendency, whereas more direct

approaches are needed for others.

6.3 Validity threats

Statistical conclusion validity is concerned with erroneously finding a dif-

ference in the data where there is none, or failing to find a difference that

exists. A caveat in our studies is the testing of multiple hypotheses (e.g. ef-

fects on multiple aspects of behavior), which inflates the familywise error

rate, i.e. the chance of receiving a significant difference by chance. To mit-

igate this issue, Bonferroni correction and the Tukey method were used

in post-hoc tests such as comparing high- and low-performing students

separately.

Internal validity is concerned with whether the effects are attributable

to the intervention or some confounding variable. Badges and visualiza-

tions were evaluated in randomized between-subject experiments which

provide a good confidence that the differences between the treatment and

control groups are due to the intervention. Some possibility of random

variations in the pre-test performances of the groups remains. Another

caveat could be the treatment causing some students to drop out from

the course, which would distort the results. However, the differences in
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the drop-out rates between treatment and control were not statistically

significant.

The controlled experiments in the BADGEEFFECT and VISUALIZATION

studies have some common validity threats. First, contamination of the

control group occurs if students in the control group learn of the experi-

ment from their friends and change their behavior, which would probably

weaken the differences between the groups. It is likely that this happened

to some extent because students sometimes help each other with the exer-

cises. Second, the intervention tried to affect multiple aspects of students

behavior (time management, trial-and-error, performance). Some effects

may be contradicting and weaken the results. Furthermore, we do not

know which badge or visualization caused which effect, and statistical

validity suffers because of testing multiple hypotheses at the same time.

Third, there was no placebo. It is possible that merely showing the badge

criteria or the axes of the visualizations would have changed students’

behavior by making them pay more attention to study habits. We do not

know if the actual content and working of the badge or visualization sys-

tem caused the effects. Finally, there is probably some self-selection bias

in the goal orientation and feedback questionnaires. This may result in

some goal orientations or opinions to be over/underrepresented in the re-

sults. For example, avoidance-oriented students might skip the surveys

to minimize effort.

We must be careful in directly comparing the badges and visualizations

because they were evaluated in separate experiments. For solid proof

that different people respond to badges and visualizations, they should

be compared in a controlled experiment were each group is treated with

one of the two methods.

All studies in the self-monitoring part of the thesis suffer from the fol-

lowing validity threats: The exercises were quite easy, and many students

earned the maximum points. This makes it difficult to observe differences

between students, which weakens the results. The time used for prepar-

ing the first attempts cannot be measured, and off-task behavior may fur-

ther distort time time usage estimates. These weaken the reliability of

the results related to trial-and-error behavior. However, it is reasonable

to assume that the biases do not differ much between the treatment and

control groups. Finally, anomalies in the course arrangements (e.g. dead-

line extensions) and pair-work introduce noise in the data, which probably

weakens the results.
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External validity means the generalizability of the results. That is,

could another researcher expect to get similar results in another context

or culture. It is likely that the results depend on the context, course ar-

rangements and the culture [see, e.g. Al-Harthi, 2010]. For example, in

some cultures students may be more competitive than in others, which

affects how the effects related to performance goal-orientations manifest

themselves. In some cultures, students may be more or less dependent on

external regulation from the instructor which affects how they behave in

self-regulated learning activities. Another concern is that university stu-

dents provide a very biased sample. Other adult students, not to mention

school children, are likely to behave in more diverse ways. Therefore, our

results should be compared with similar experiments in other contexts or

cultures before jumping to conclusions.

6.4 Ethical considerations

Because the studies involved human subjects, it is necessary to consider

the ethical aspects. In Aalto University, at the time of this writing, no

formal permission from an ethical committee is required for teaching ex-

periments. However, good research ethics require that we have informed

consent from the students, they have a possibility to opt out, and that

some students do not gain an advantage over the others because of the

experiment.

The use of the STOPS tool was voluntary for students, and they had the

option to construct study plans using traditional means. Students were

informed that by logging in they agree to participate in an experiment. Af-

ter using the tool for a while and answering the survey, the students were

given the full functionality of the system, and therefore every student had

the possibility to construct study plans using the visualizations.

The STUDYHABITS study was retrospective in nature, and therefore a

permission could not be obtained from the students. However, the study

did not affect them while studying, and the results are reported so that

individuals cannot be recognized.

In the BADGEEFFECT study, the students in the treatment group were

informed about the experiment and instructed to contact the teacher if

they had any concerns. The control group was not informed in order to

avoid contamination. In the BADGEGOALORIENTATION and VISUALIZA-

TION studies, all students were informed about the study during the goal
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orientation survey, and instructed to contact the teacher if they have any

concerns.

The BADGEEFFECT and VISUALIZATION studies were controlled experi-

ments where there is a concern of unequal treatment. However, the exper-

iments did not affect the learning activities themselves, and all students

had the possibility to complete the exact same exercises and receive the

same grade. Students in the treatment group did, for example, receive a

badge for submitting early, but students in the control group had the pos-

sibility to submit equally early. In the BADGEGOALORIENTATION study,

all students had the same treatment. Naturally, all of the results are

reported so that individuals cannot be recognized.

6.5 Recommendations

It has been consistently shown in the literature that all students do not

self-regulate optimally, and that fostering self-regulation improves their

performance. The achievement badges and visualizations studied in this

thesis seemed to mostly affect students who were already high-performing,

but we can present some hypotheses on how to improve the interventions

so that they support low-performing students as well.

To foster self-regulation in students with low metacognitive competence,

it is necessary to first teach about self-regulation strategies and their

importance explicitly. After that, presenting opportunities or incentives

for self-monitoring in the form or badges or visualizations might have a

stronger effect. For example, tutorials on self-regulation strategies could

be included in the online learning environments in addition to the subject

matter. Furthermore, the badge criteria must be designed so that they do

not bring additional challenges but rather encourage for trying, so that

they are meaningful for the low-performing students.

It must be taken into account that students have different achievement

goal orientations. Especially, some students are concerned about appear-

ing incompetent relative to others. If a badge system is designed to be

social or competitive, it may be best to make its use voluntary. In the

same way, visualizations of students’ performance should be designed so

that they do not emphasize comparison to others. Rather, they could visu-

alize students’ personal progress or performance related to the students’

own goals.

Finally, support for goal-setting should not be forgotten. Visualizing how
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course topics are connected to degree- or career-level goals might improve

task-value perceptions and motivation and help students to adjust their

course-level performance goals.

6.6 Contributions

Existing curriculum visualization tools visualize connections between en-

tire courses but not between contents of the courses. In this work, we pre-

sented a curriculum visualization method that allows students to see in

detail how the topics taught in each course are connected to other courses

and the degree-level goals that the student has selected.

Procrastination has previously been studied extensively. However, the

only within-subject comparisons on its effect on performance that we are

aware of are Edwards et al. [2009] and Buffardi and Edwards [2013]. In

this thesis, we repeated the Edwards et al. [2009] study with a slightly dif-

ferent point of view, and provided more evidence to support the causality

of the relationship between procrastination and performance.

Recent reviews by de-Marcos et al. [2014] and Falkner and Falkner

[2014] have pointed out that there is little empirical evidence of the ef-

fectiveness of achievement badges in education. Another recent review

by Verbert et al. [2014] makes the same remark about providing stu-

dents with visualizations of their own behavior. In this thesis, we stud-

ied badges and visualizations in controlled experiments to provide evi-

dence of their effects on student’s behavior and performance. The results

show that badges can be used to improve some aspects of students’ be-

havior. However, the effect of the badges was strongest on already high-

performing students. Visualizations improved students’ behavior and per-

formance too but they also affected mostly the high-performing students.

Finally, we found that students’ achievement goal orientations play a role

in which kind of feedback attracts their attention.

6.7 Future work

In this work, we did not find strong empirical evidence that curriculum

visualizations support goal-setting. It might be fruitful to integrate cur-

riculum visualizations into the online learning environments that stu-

dents use in courses, and measure the impact on the use of SRL strate-

gies. Because metacognitive strategies such as goal setting are difficult
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to observe from log data, self-report scales might be useful. Furthermore,

we could study if the attractiveness of study planning could be increased

with the same methods that we used to support monitoring, e.g. achieve-

ment badges or other gamification methods. There has been, in general,

relatively little research in study planning in the field of educational tech-

nology, while the majority of research seems to focus on domain-specific

learning technologies.

Massed vs. distributed practice within online learning environments

that utilize automated assessment is currently poorly understood. There

is a need for well planned studies where instances of last-minute cram-

ming and early cramming are distinguished. Trial-and-error behavior is

another little researched area that is going to become more relevant when

automated assessment gains popularity. It turned out that even defining

and identifying trial-and-error behavior is non-trivial.

There is still little empirical evidence of the effectiveness of achieve-

ment badges in education. In our studies, we measured the effects of the

interventions on students’ observable behavior. However, also self-report

scales should be utilized in order to capture metacognitive strategies that

are not visible. Other fruitful research topics could be the relationship

between social badges and goal orientations, and the hypothesis that ad-

ditional challenge works for high-performing students while encourage-

ment or rewarding for participation works for low-performing ones.
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of evolution of a learning analytics tool. Computers & Education, 58(1):470–
489.

Allevato, A. and Edwards, S. (2013). The effects of extra credit opportunities
on student procrastination. In Frontiers in Education Conference, 2013 IEEE,
pages 1831–1836.

Allevato, A., Thornton, M., Edwards, S., and Pérez-Quiñones, M. (2008). Mining
data from an automated grading and testing system by adding rich reporting
capabilities. In Proceedings of the International Conference on Educational
Data Mining, pages 167–176.

Altman, N. S. (1992). An introduction to kernel and nearest-neighbor nonpara-
metric regression. The American Statistician, 46(3):175–185.

Ames, C. (1992). Classrooms: Goals, structures, and student motivation. Journal
of educational psychology, 84(3):261–271.

113



Bibliography

Anderson, A., Huttenlocher, D., Kleinberg, J., and Leskovec, J. (2013). Steer-
ing user behavior with badges. In Proceedings of the 22nd International Con-
ference on World Wide Web, pages 95–106, Republic and Canton of Geneva,
Switzerland.

Anderson, A., Huttenlocher, D., Kleinberg, J., and Leskovec, J. (2014). Engaging
with massive online courses. In Proceedings of the 23rd International Con-
ference on World Wide Web, WWW ’14, pages 687–698, New York, NY, USA.
ACM.

Arnold, K. E. and Pistilli, M. D. (2012). Course Signals at Purdue: Using Learn-
ing Analytics to Increase Student Success. In Proceedings of the 2Nd Inter-
national Conference on Learning Analytics and Knowledge, LAK ’12, pages
267–270, New York, NY, USA. ACM.

Artino, A. R. J. and Stephens, J. M. (2009). Academic motivation and self-
regulation: A comparative analysis of undergraduate and graduate students
learning online. The Internet and Higher Education, 12(3–4):146–151.

Azevedo, R. (2005). Using Hypermedia as a Metacognitive Tool for Enhancing
Student Learning? The Role of Self-Regulated Learning. Educational Psy-
chologist, 40(4):199–209.

Azevedo, R. and Cromley, J. G. (2004). Does training on self-regulated learning
facilitate students’ learning with hypermedia? Journal of educational psychol-
ogy, 96(3):523–535.

Azevedo, R., Cromley, J. G., Winters, F. I., Moos, D. C., and Greene, J. A. (2005).
Adaptive human scaffolding facilitates adolescents’ self-regulated learning
with hypermedia. Instructional Science, 33(5-6):381–412.

Azevedo, R., Johnson, A., Chauncey, A., and Burkett, C. (2010). Self-regulated
learning with MetaTutor: Advancing the science of learning with metacogni-
tive tools. In Khine, M. S. and Saleh, I. M., editors, New Science of Learning,
pages 225–247. Springer New York.

Baldoni, M., Baroglio, C., Brunkhorst, I., Henze, N., Marengo, E., and Patti, V.
(2011). Constraint modeling for curriculum planning and validation. Interac-
tive Learning Environments, 19(1):81–123.

Balzer, W. K., Doherty, M. E., and O’Connor, R. (1989). Effects of cognitive feed-
back on performance. Psychological Bulletin, 106(3):410–433.

Bandura, A. (1986). Social foundations of thought and action: A social cognitive
theory. Prentice-Hall, Inc.

Bannert, M., Hildebrand, M., and Mengelkamp, C. (2009). Effects of a metacogni-
tive support device in learning environments. Computers in Human Behavior,
25(4):829–835.

Bansal, A., Cline, K., Rangel, K., and Zunke, R. (2003). Krak: Knowledge-based
resource advising kit. J. Comput. Sci. Coll., 18(3):245–253.

Barnard, L., Paton, V., and Lan, W. (2008). Online self-regulatory learning be-
haviors as a mediator in the relationship between online course perceptions
with achievement. The International Review of Research in Open and Dis-
tributed Learning, 9(2).

114



•

Bibliography

Barnard-Brak, L., Paton, V. O., and Lan, W. Y. (2010). Profiles in self-regulated
learning in the online learning environment. The International Review of Re-
search in Open and Distributed Learning, 11(1):61–80.

Ben-Ari, M. (2001). Constructivism in computer science education. Journal of
Computers in Mathematics and Science Teaching, 20(1):45–73.

Bendakir, N. and Aïmeur, E. (2006). Using association rules for course recom-
mendation. In Proceedings of the AAAI Workshop on Educational Data Mining,
pages 31–40.

Bergin, S., Reilly, R., and Traynor, D. (2005). Examining the role of self-regulated
learning on introductory programming performance. In Proceedings of the
First International Workshop on Computing Education Research, ICER ’05,
pages 81–86, New York, NY, USA. ACM.

Bergman, L. R. and El-Khouri, B. M. (2003). A person-oriented approach: Meth-
ods for today and methods for tomorrow. New Directions for Child and Adoles-
cent Development, 2003(101):25–38.

Boekaerts, M. (1999). Motivated learning: Studying student * situation transac-
tional units. European Journal of Psychology of Education, 14(1):41–55.

Boekaerts, M. and Niemivirta, M. (2000). Self-regulated learning: Finding a
balance between learning goals and ego-protective goals. In Handbook of self-
regulation, pages 417–451. Academic Press.

Bouffard, T., Boisvert, J., Vezeau, C., and Larouche, C. (1995). The impact of
goal orientation on self-regulation and performance among college students.
British Journal of Educational Psychology, 65(3):317–329.

Buffardi, K. and Edwards, S. H. (2013). Effective and ineffective software testing
behaviors by novice programmers. In Proceedings of the Ninth Annual In-
ternational ACM Conference on International Computing Education Research,
ICER ’13, pages 83–90, New York, NY, USA. ACM.

Bull, S. and Kay, J. (2007). Student models that invite the learner in: The
SMILI:() Open learner modelling framework. International Journal of Arti-
ficial Intelligence in Education, 17(2):89–120.

Bull, S. and Nghiem, T. (2002). Helping learners to understand themselves with
a learner model open to students, peers and instructors. In Proceedings of
workshop on individual and group modelling methods that help learners un-
derstand themselves, International Conference on Intelligent Tutoring Systems,
pages 5–13.

Butler, D. L. and Winne, P. H. (1995). Feedback and self-regulated learning: A
theoretical synthesis. Review of educational research, 65(3):245–281.

Carlson, B., Schoch, P., Kalsher, M., and Racicot, B. (1997). A motivational first-
year electronics lab course. Journal of Engineering Education, 86(4):357–362.

Carter, J., Ala-Mutka, K., Fuller, U., Dick, M., English, J., Fone, W., and Sheard,
J. (2003). How shall we assess this? SIGCSE Bulletin, 35(4):107–123.

Chen, G., Chang, C., and Wang, C. (2008). Ubiquitous learning website: Scaffold
learners by mobile devices with information-aware techniques. Computers &
Education, 50(1):77–90.

115



Bibliography

Chun Chu, A. H. and Choi, J. N. (2005). Rethinking procrastination: Positive
effects of "active" procrastination behavior on attitudes and performance. The
Journal of Social Psychology, 145(3):245–264.

Cleary, T. J. (2011). Emergence of self-regulated learning microanalysis: Histori-
cal overview, essential features, and implications for research and practice. In
Zimmerman, B. J. and Schunk, D. H., editors, Handbook of Self-Regulation of
Learning and Performance, chapter 21, pages 329–345. Taylor & Francis.

Cohen, L., Manion, L., and Morrison, K. (1997). Research methods in education.
Routledge Falmer, London.

Daniels, L. M., Haynes, T. L., Stupnisky, R. H., Perry, R. P., Newall, N. E., and
Pekrun, R. (2008). Individual differences in achievement goals: A longitudi-
nal study of cognitive, emotional, and achievement outcomes. Contemporary
Educational Psychology, 33(4):584–608.

Deci, E. L., Koestner, R., and Ryan, R. M. (2001). Extrinsic rewards and intrin-
sic motivation in education: Reconsidered once again. Review of Educational
Research, 71(1):1–27.

Dekker, G., Pechenizkiy, M., and Vleeshouwers, J. (2009). Predicting students
drop out: A case study. In Proceedings of the 2nd International Conference on
Educational Data Mining, pages 41–50.

Denley, T. (2012). Austin peay state university: Degree compass. In Game Chang-
ers: Education and Information Technologies, pages 263–267. EDUCAUSE,
Washington, DC.

Denny, P. (2013). The effect of virtual achievements on student engagement.
In Proceedings of the SIGCHI Conference on Human Factors in Computing
Systems, CHI ’13, pages 763–772, New York, NY, USA. ACM.

Deterding, S., Dixon, D., Khaled, R., and Nacke, L. (2011). From game design
elements to gamefulness: Defining "gamification". In Proceedings of the 15th
International Academic MindTrek Conference: Envisioning Future Media En-
vironments, MindTrek ’11, pages 9–15, New York, NY, USA. ACM.

Doherty, W. (2006). An analysis of multiple factors affecting retention in
web-based community college courses. The Internet and Higher Education,
9(4):245–255.

Domínguez, A., Saenz-de Navarrete, J., De-Marcos, L., Fernández-Sanz, L.,
Pagés, C., and Martínez-Herráiz, J.-J. (2013). Gamifying learning experiences:
Practical implications and outcomes. Computers & Education, 63:380–392.

Dweck, C. S. (1986). Motivational processes affecting learning. American psy-
chologist, 41(10):1040–1048.

Edwards, S. H. (2004). Using software testing to move students from trial-and-
error to reflection-in-action. In Proceedings of the 35th SIGCSE Technical
Symposium on Computer Science Education, SIGCSE ’04, pages 26–30, New
York, NY, USA. ACM.

Edwards, S. H., Snyder, J., Pérez-Quiñones, M. A., Allevato, A., Kim, D., and
Tretola, B. (2009). Comparing effective and ineffective behaviors of student

116



•

Bibliography

programmers. In Proceedings of the Fifth International Workshop on Comput-
ing Education Research Workshop, ICER ’09, pages 3–14, New York, NY, USA.
ACM.

Elliot, A. J. and Harackiewicz, J. M. (1996). Approach and avoidance achieve-
ment goals and intrinsic motivation: A mediational analysis. Journal of Per-
sonality and Social Psychology, 70(3):461–475.

Elliot, A. J. and McGregor, H. A. (2001). A 2× 2 achievement goal framework.
Journal of personality and social psychology, 80(3):501–519.

Elvers, G. C., Polzella, D. J., and Graetz, K. (2003). Procrastination in online
courses: Performance and attitudinal differences. Teaching of Psychology,
30(2):159–162.

English, F. W. (1980). Curriculum mapping. Educational Leadership, 37(7):558–
59.

Falkner, K., Vivian, R., and Falkner, N. J. (2014). Identifying computer science
self-regulated learning strategies. In Proceedings of the 2014 Conference on
Innovation & Technology in Computer Science Education, ITiCSE ’14, pages
291–296, New York, NY, USA. ACM.

Falkner, N. J. and Falkner, K. E. (2012). A fast measure for identifying at-risk
students in computer science. In Proceedings of the ninth annual international
conference on International computing education research, pages 55–62. ACM.

Falkner, N. J. G. and Falkner, K. E. (2014). "Whither, Badges?" or "Wither,
Badges!": A Metastudy of Badges in Computer Science Education to Clarify
Effects, Significance and Influence. In Proceedings of the 14th Koli Calling
International Conference on Computing Education Research, Koli Calling ’14,
pages 127–135, New York, NY, USA. ACM.

Farzan, R. and Brusilovsky, P. (2006). Social navigation support in a course
recommendation system. In Wade, V., Ashman, H., and Smyth, B., editors,
Adaptive Hypermedia and Adaptive Web-Based Systems, volume 4018 of Lec-
ture Notes in Computer Science, pages 91–100. Springer Berlin Heidelberg.

Farzan, R. and Brusilovsky, P. (2011). Encouraging user participation in a course
recommender system: An impact on user behavior. Computers in Human Be-
havior, 27(1):276–284.

Fenwick, Jr., J. B., Norris, C., Barry, F. E., Rountree, J., Spicer, C. J., and Cheek,
S. D. (2009). Another look at the behaviors of novice programmers. In Proceed-
ings of the 40th ACM Technical Symposium on Computer Science Education,
SIGCSE ’09, pages 296–300, New York, NY, USA. ACM.

Fincher, S. and Petre, M. (2004). Computer science education research. Taylor &
Francis.

France, L., Heraud, J.-M., Marty, J.-C., Carron, T., and Heili, J. (2006). Monitor-
ing virtual classroom: Visualization techniques to observe student activities
in an e-learning system. In Advanced Learning Technologies, 2006. Sixth In-
ternational Conference on, pages 716–720.

Garrison, D. and Kanuka, H. (2004). Blended learning: Uncovering its trans-
formative potential in higher education. The Internet and Higher Education,
7(2):95–105.

117



Bibliography

Gatteschi, V., Lamberti, F., and Demartini, C. (2014). A graphical approach
for comparing qualifications. In Global Engineering Education Conference
(EDUCON), 2014 IEEE, pages 361–366.

Gestwicki, P. (2008). Work in progress - curriculum visualization. In Frontiers in
Education Conference, 2008. FIE 2008. 38th Annual, pages T3E–13–T3E–14.

Gluga, R., Kay, J., and Lever, T. (2013). Foundations for modeling university cur-
ricula in terms of multiple learning goal sets. IEEE Transactions on Learning
Technologies, 6(1):25–37.

Goh, T.-T., Seet, B.-C., and Chen, N.-S. (2012). The impact of persuasive SMS on
students’ self-regulated learning. British Journal of Educational Technology,
43(4):624–640.

Govaerts, S., Verbert, K., and Duval, E. (2011). Evaluating the student activity
meter: Two case studies. In Leung, H., Popescu, E., Cao, Y., Lau, R., and Ne-
jdl, W., editors, Advances in Web-Based Learning - ICWL 2011, volume 7048
of Lecture Notes in Computer Science, pages 188–197. Springer Berlin Heidel-
berg.

Govaerts, S., Verbert, K., Duval, E., and Pardo, A. (2012). The student activity
meter for awareness and self-reflection. In CHI ’12 Extended Abstracts on
Human Factors in Computing Systems, CHI EA ’12, pages 869–884, New York,
NY, USA. ACM.

Govaerts, S., Verbert, K., Klerkx, J., and Duval, E. (2010). Visualizing activities
for self-reflection and awareness. In Luo, X., Spaniol, M., Wang, L., Li, Q., Ne-
jdl, W., and Zhang, W., editors, Advances in Web-Based Learning – ICWL 2010,
volume 6483 of Lecture Notes in Computer Science, pages 91–100. Springer
Berlin Heidelberg.

Grann, J. and Bushway, D. (2014). Competency map: Visualizing student learn-
ing to promote student success. In Proceedings of the Fourth International
Conference on Learning Analytics And Knowledge, LAK ’14, pages 168–172,
New York, NY, USA. ACM.

Grant, H. and Dweck, C. S. (2003). Clarifying achievement goals and their im-
pact. Journal of personality and social psychology, 85(3):541–553.

Grau-Valldosera, J. and Minguillón, J. (2014). Rethinking dropout in online
higher education: The case of the Universitat Oberta de Catalunya. The Inter-
national Review of Research in Open and Distributed Learning, 15(1).

Greene, J. A. and Azevedo, R. (2009). A macro-level analysis of SRL processes and
their relations to the acquisition of a sophisticated mental model of a complex
system. Contemporary Educational Psychology, 34(1):18–29.

Grupe, F. H. (2002). Student advisement: applying a web-based expert system to
the selection of an academic major. College Student Journal, 36(4):573–581.

Haaranen, L., Ihantola, P., Hakulinen, L., and Korhonen, A. (2014). How (not) to
introduce badges to online exercises. In Proceedings of the 45th ACM Technical
Symposium on Computer Science Education, SIGCSE ’14, pages 33–38, New
York, NY, USA. ACM.

118



•

Bibliography

Hadwin, A. F. and Winne, P. H. (2001). CoNoteS2: A software tool for promoting
self-regulation. Educational Research and Evaluation, 7(2-3):313–334.

Hamari, J. (2013). Transforming homo economicus into homo ludens: A field
experiment on gamification in a utilitarian peer-to-peer trading service. Elec-
tronic commerce research and applications, 12(4):236–245.

Hamari, J. and Eranti, V. (2011). Framework for designing and evaluating game
achievements. In Proc. DiGRA 2011: Think Design Play, pages 122–134.

Hamari, J., Koivisto, J., and Sarsa, H. (2014). Does Gamification Work? – A
Literature Review of Empirical Studies on Gamification. In System Sciences
(HICSS), 2014 47th Hawaii International Conference on, pages 3025–3034.

Harackiewicz, J. M., Barron, K. E., Tauer, J. M., and Elliot, A. J. (2002). Pre-
dicting success in college: A longitudinal study of achievement goals and abil-
ity measures as predictors of interest and performance from freshman year
through graduation. Journal of Educational Psychology, 94(3):562–575.

Hartwig, M. K. and Dunlosky, J. (2012). Study strategies of college students: Are
self-testing and scheduling related to achievement? Psychonomic Bulletin &
Review, 19(1):126–134.

Hattie, J., Biggs, J., and Purdie, N. (1996). Effects of learning skills interven-
tions on student learning: A meta-analysis. Review of Educational Research,
66(2):99–136.

Heikkilä, A., Lonka, K., Nieminen, J., and Niemivirta, M. (2012). Relations
between teacher students’ approaches to learning, cognitive and attributional
strategies, well-being, and study success. Higher Education, 64(4):455–471.

Hevner, A. R., March, S. T., Park, J., and Ram, S. (2004). Design science in
information systems research. MIS quarterly, 28(1):75–105.

Hew, K. F. and Cheung, W. S. (2014). Students’ and instructors’ use of massive
open online courses (MOOCs): Motivations and challenges. Educational Re-
search Review, 12(0):45–58.

Hewner, M. (2014). How CS undergraduates make course choices. In Proceed-
ings of the Tenth Annual Conference on International Computing Education
Research, ICER ’14, pages 115–122, New York, NY, USA. ACM.

Howell, A. J. and Watson, D. C. (2007). Procrastination: Associations with
achievement goal orientation and learning strategies. Personality and Indi-
vidual Differences, 43(1):167–178.

Huotari, K. and Hamari, J. (2012). Defining gamification: A service marketing
perspective. In Proceeding of the 16th International Academic MindTrek Con-
ference, MindTrek ’12, pages 17–22, New York, NY, USA. ACM.

Ihantola, P., Ahoniemi, T., Karavirta, V., and Seppälä, O. (2010). Review of recent
systems for automatic assessment of programming assignments. In Proceed-
ings of the 10th Koli Calling International Conference on Computing Education
Research, Koli Calling ’10, pages 86–93, New York, NY, USA. ACM.

Kaplan, A. and Maehr, M. (2007). The contributions and prospects of goal orien-
tation theory. Educational Psychology Review, 19(2):141–184.

119



Bibliography

Karavirta, V., Korhonen, A., and Malmi, L. (2006). On the use of resubmissions in
automatic assessment systems. Computer Science Education, 16(3):229–240.

Kerly, A., Ellis, R., and Bull, S. (2008). CALMsystem: A conversational agent for
learner modelling. Knowledge-Based Systems, 21(3):238–246.

Klingsieck, K. B., Fries, S., Horz, C., and Hofer, M. (2012). Procrastination in a
distance university setting. Distance Education, 33(3):295–310.

Korhonen, A. (2003). Visual algorithm simulation. PhD thesis, Helsinki Univer-
sity of Technology.

Korhonen, A. and Malmi, L. (2004). Taxonomy of visual algorithm simulation
exercises. In Proceedings of the Third Program Visualization Workshop, pages
118–125. The University of Warwick, UK.

Kosba, E., Dimitrova, V., and Boyle, R. (2005). Using student and group models
to support teachers in web-based distance education. In Ardissono, L., Brna,
P., and Mitrovic, A., editors, User Modeling 2005, volume 3538 of Lecture Notes
in Computer Science, pages 124–133. Springer Berlin Heidelberg.

Koutrika, G., Ikeda, R., Bercovitz, B., and Garcia-Molina, H. (2008). Flexible
recommendations over rich data. In Proceedings of the 2008 ACM Conference
on Recommender Systems, RecSys ’08, pages 203–210, New York, NY, USA.
ACM.

Kulhavy, R. W. and Wager, W. (1993). Feedback in programmed instruction: His-
torical context and implications for practice. In Interactive instruction and
feedback, pages 3–20. Educational Technology Publications.

Lawanto, O., Santoso, H. B., Lawanto, K. N., and Goodridge, W. (2014). Self-
regulated learning skills and online activities between higher and lower per-
formers on a web-intensive undergraduate engineering course. Journal of Ed-
ucators Online, 11(3).

Lee, J. J. and Hammer, J. (2011). Gamification in education: What, how, why
bother? Academic Exchange Quarterly, 15(2).

Leony, D., Pardo, A., de la Fuente Valentín, L., de Castro, D. S., and Kloos, C. D.
(2012). GLASS: A learning analytics visualization tool. In Proceedings of the
2Nd International Conference on Learning Analytics and Knowledge, LAK ’12,
pages 162–163, New York, NY, USA. ACM.

Linnenbrink-Garcia, L., Tyson, D. F., and Patall, E. A. (2008). When are achieve-
ment goal orientations beneficial for academic achievement? A closer look at
main effects and moderating factors. Revue internationale de psychologie so-
ciale, 21(1):19–70.

Loboda, T. D., Guerra, J., Hosseini, R., and Brusilovsky, P. (2014). Mastery
grids: An open source social educational progress visualization. In Rensing,
C., de Freitas, S., Ley, T., and Muñoz-Merino, P. J., editors, Open Learning
and Teaching in Educational Communities, volume 8719 of Lecture Notes in
Computer Science, pages 235–248. Springer International Publishing.

Lynch, D. J. (2006). Motivational factors, learning strategies and resource man-
agement as predictors of course grades. College Student Journal, 40(2):423–
429.

120



•

Bibliography

Malmi, L., Karavirta, V., Korhonen, A., and Nikander, J. (2005). Experiences on
automatically assessed algorithm simulation exercises with different resub-
mission policies. Journal on Educational Resources in Computing, 5(3).

de-Marcos, L., Domínguez, A., Saenz-de-Navarrete, J., and Pagés, C. (2014). An
empirical study comparing gamification and social networking on e-learning.
Computers & Education, 75:82–91.

Marques, O., Ding, X., and Hsu, S. (2001). Design and development of a web-
based academic advising system. In 31st Annual Frontiers in Education Con-
ference, 2001, pages S3C–6–10 vol.3.

Matsuzawa, Y., Okada, K., and Sakai, S. (2013). Programming process visual-
izer: A proposal of the tool for students to observe their programming process.
In Proceedings of the 18th ACM Conference on Innovation and Technology in
Computer Science Education, ITiCSE ’13, pages 46–51, New York, NY, USA.
ACM.

Mazza, R. and Botturi, L. (2007). Monitoring an Online Course With the GISMO
Tool: A Case Study. Journal of Interactive Learning Research, 18(2):251–265.

Mazza, R. and Dimitrova, V. (2007). CourseVis: A graphical student monitoring
tool for supporting instructors in web-based distance courses. International
Journal of Human-Computer Studies, 65(2):125–139.

Mazza, R., Mazzola, L., Glahn, C., Verpoorten, D., Nussbaumer, A., Steiner, C.,
and Heckmann, D. (2009). Design of interactive visualization of models and
students data. Technical Report D4.5.a, Faculty of Communication Sciences,
University of Liège, Liège, Belgium.

McAuley, A., Stewart, B., Siemens, G., and Cormier, D. (2010). The MOOC model
for digital practice. Technical report, University of Prince Edward Island.

McDaniel, R., Lindgren, R., and Friskics, J. (2012). Using badges for shaping
interactions in online learning environments. In Professional Communication
Conference (IPCC), 2012 IEEE International, pages 1–4.

McKeachie, W. J., Pintrich, P. R., Lin, Y.-G., and Smith, D. A. F. (1986). Teach-
ing and learning in the college classroom: A review of the research literature.
University of Michigan Press.

Melton, A. W. (1970). The situation with respect to the spacing of repetitions and
memory. Journal of Verbal Learning and Verbal Behavior, 9(5):596–606.

Michinov, N., Brunot, S., Bohec, O. L., Juhel, J., and Delaval, M. (2011). Pro-
crastination, participation, and performance in online learning environments.
Computers & Education, 56(1):243–252.

Midgley, C., Kaplan, A., and Middleton, M. (2001). Performance-approach goals:
Good for what, for whom, under what circumstances, and at what cost? Jour-
nal of Educational Psychology, 93(1):77–86.

Midgley, C., Kaplan, A., Middleton, M., Maehr, M. L., Urdan, T., Anderman,
L. H., Anderman, E., and Roeser, R. (1998). The development and validation
of scales assessing students’ achievement goal orientations. Contemporary ed-
ucational psychology, 23(2):113–131.

121



Bibliography

Minaei-Bidgoli, B., Kashy, D., Kortemeyer, G., and Punch, W. (2003). Predicting
student performance: an application of data mining methods with an edu-
cational web-based system. In Frontiers in Education, 2003. FIE 2003 33rd
Annual, volume 1, pages T2A–13.

Montola, M., Nummenmaa, T., Lucero, A., Boberg, M., and Korhonen, H. (2009).
Applying game achievement systems to enhance user experience in a photo
sharing service. In Proceedings of the 13th International MindTrek Conference:
Everyday Life in the Ubiquitous Era, MindTrek ’09, pages 94–97, New York,
NY, USA. ACM.

Moos, D. C. and Azevedo, R. (2008). Monitoring, planning, and self-efficacy dur-
ing learning with hypermedia: The impact of conceptual scaffolds. Computers
in Human Behavior, 24(4):1686–1706.

Moreno, C. A., Bischof, W. F., and Hoover, H. J. (2012). Interactive visualization
of dependencies. Computers & Education, 58(4):1296–1307.

Muntean, C. I. (2011). Raising engagement in e-learning through gamification.
In Proc. 6th International Conference on Virtual Learning ICVL, pages 323–
329.

Nakahara, J., Hisamatsu, S., Yaegashi, K., and Yamauchi, Y. (2005). iTree:
Does the mobile phone encourage learners to be more involved in collabora-
tive learning? In Proceedings of th 2005 Conference on Computer Support for
Collaborative Learning: Learning 2005: The Next 10 Years!, CSCL ’05, pages
470–478. International Society of the Learning Sciences.

Narciss, S., Proske, A., and Koerndle, H. (2007). Promoting self-regulated learn-
ing in web-based learning environments. Computers in Human Behavior,
23(3):1126–1144.

Nguyen, T. B., Hoang, T. A. D., Tran, H., Nguyen, D. N., and Nguyen, H. S.
(2008). An integrated approach for an academic advising system in adaptive
credit-based learning environment. VNU Journal of Science, Natural Sciences
and Technology, 24:110–121.

Nicholls, J. G. (1984). Achievement motivation: Conceptions of ability, subjective
experience, task choice, and performance. Psychological review, 91(3):328–346.

Nicholls, J. G., Patashnick, M., and Nolen, S. B. (1985). Adolescents’ theories of
education. Journal of Educational Psychology, 77(6):683–692.

Nicholson, S. (2012). A user-centered theoretical framework for meaningful gam-
ification. Presented at Games+Learning+Society 8.0, Madison, USA.

Niemivirta, M. (2002). Motivation and performance in context: The influence of
goal orientations and instructional setting on situational appraisals and task
performance. Psychologia, 45(4):250–270.

Niklander, T., Raatikka, V., and Rytkönen, A. (2002). An interactive tool for study
planning. In Proc. of the 2nd Annual Finnish/Baltic Sea Conf. On Computer
Science Education, pages 32–36.

Ning, H. K. and Downing, K. (2015). A latent profile analysis of university
students’ self-regulated learning strategies. Studies in Higher Education,
40(7):1328–1346.

122



•

Bibliography

Nuutinen, J. and Sutinen, E. (2003). Visualization of the learning process using
concept mapping. In Advanced Learning Technologies, 2003. Proceedings. The
3rd IEEE International Conference on, pages 348–349.

Oliver, B., Ferns, S., Whelan, B., and Lilly, L. (2010). Mapping the curriculum for
quality enhancement: Refining a tool and processes for the purpose of curricu-
lum renewal. Presented at the Australian Universities Quality Forum 2010.

O’Mahony, M. P. and Smyth, B. (2007). A recommender system for on-line course
enrolment: An initial study. In Proceedings of the 2007 ACM Conference on
Recommender Systems, RecSys ’07, pages 133–136, New York, NY, USA. ACM.

Osguthorpe, R. T. and Graham, C. R. (2003). Blended learning environments:
Definitions and directions. Quarterly Review of Distance Education, 4(3):227–
233.

Panadero, E. and Alonso-Tapia, J. (2014). How do students self-regulate? Review
of Zimmerman’s cyclical model of self-regulated learning. Anales de Psicologia,
30:450–462.

Patankar, M. (1998). A rule-based expert system approach to academic advising.
Innovations in Education & Training International, 35(1):49–58.

Payne, S. C., Youngcourt, S. S., and Beaubien, J. M. (2007). A meta-analytic
examination of the goal orientation nomological net. Journal of Applied Psy-
chology, 92(1):128–150.

Pechenizkiy, M., Trcka, N., Bra, P. D., and Toledo, P. (2012). CurriM: Curriculum
Mining. In Proceedings of the 5th International Conference on Educational
Data Mining, Chania, Greece, June 19-21, 2012, pages 216–217.

Perry, N. E., VandeKamp, K. O., Mercer, L. K., and Nordby, C. J. (2002). Inves-
tigating teacher-student interactions that foster self-regulated learning. Edu-
cational Psychologist, 37(1):5–15.

Pintrich, P. R. (2000). Multiple goals, multiple pathways: The role of goal ori-
entation in learning and achievement. Journal of educational psychology,
92(3):544–555.

Pintrich, P. R. and De Groot, E. V. (1990). Motivational and self-regulated learn-
ing components of classroom academic performance. Journal of educational
psychology, 82(1):33–40.

Pintrich, P. R., Smith, D. A. F., Garcia, T., and Mckeachie, W. J. (1993). Reliability
and Predictive Validity of the Motivated Strategies for Learning Questionnaire
(MSLQ). Educational and Psychological Measurement, 53(3):801–813.

Podgorelec, V. and Kuhar, S. (2011). Taking advantage of education data: Ad-
vanced data analysis and reporting in virtual learning environments. Elek-
tronika ir Elektrotechnika, 114(8):111–116.

Pokay, P. and Blumenfeld, P. C. (1990). Predicting achievement early and late in
the semester: The role of motivation and use of learning strategies. Journal of
educational psychology, 82(1):41–50.

Pokrajac, D. and Rasamny, M. (2006). Interactive virtual expert system for ad-
vising (InVEStA). In Frontiers in Education Conference, 36th Annual, pages
18–23.

123



Bibliography

Pulkka, A.-T. and Niemivirta, M. (2013a). Adult students’ achievement goal ori-
entations and evaluations of the learning environment: a person-centred lon-
gitudinal analysis. Educational Research and Evaluation, 19(4):297–322.

Pulkka, A.-T. and Niemivirta, M. (2013b). In the eye of the beholder: Do adult
students’ achievement goal orientation profiles predict their perceptions of in-
struction and studying? Studies in Educational Evaluation, 39(3):133–143.

Pulkka, A.-T. and Niemivirta, M. (2013c). Predictive relationships between adult
students’ achievement goal orientations, course evaluations, and performance.
International Journal of Educational Research, 61:26–37.

Rakes, G. C. and Dunn, K. E. (2010). The impact of online graduate students’
motivation and self-regulation on academic procrastination. Journal of Inter-
active Online Learning, 9(1):78–93.

Ray, S. and Sharma, A. (2011). A collaborative filtering based approach for
recommending elective courses. In Dua, S., Sahni, S., and Goyal, D., edi-
tors, Information Intelligence, Systems, Technology and Management, volume
141 of Communications in Computer and Information Science, pages 330–339.
Springer Berlin Heidelberg.

Richardson, M., Abraham, C., and Bond, R. (2012). Psychological correlates of
university students’ academic performance: a systematic review and meta-
analysis. Psychological bulletin, 138(2):353–387.

Robley, W., Whittle, S., and Murdoch-Eaton, D. (2005). Mapping generic skills
curricula: a recommended methodology. Journal of Further and higher Edu-
cation, 29(3):221–231.

Rollande, R. and Grundspenkis, J. (2013). Graph based framework and its im-
plemented prototype for personalized study planning. In e-Learning and e-
Technologies in Education (ICEEE), 2013 Second International Conference on,
pages 137–142. IEEE.

Rollande, R., Grundspenkis, J., and Mislevics, A. (2014). The use of structural
modelling methods for analysis of personalized study planning. In Science and
Information Conference (SAI), 2014, pages 921–926.

Romano, J., Wallace, T. L., Helmick, I. J., Carey, L. M., and Adkins, L. (2005).
Study procrastination, achievement, and academic motivation in web-based
and blended distance learning. The Internet and Higher Education, 8(4):299–
305.

Romero, C. and Ventura, S. (2010). Educational data mining: A review of the
state of the art. Systems, Man, and Cybernetics, Part C: Applications and
Reviews, IEEE Transactions on, 40(6):601–618.

Sandvig, J. and Burke, R. (2006). Aacorn: A CBR recommender for academic
advising. Technical Report TR05-015, DePaul University, Chicago, USA.

Sant, J. (2004). Visualization of curricula using multi-dimensional scaling. In
Cantoni, L. and McLoughlin, C., editors, Proceedings of World Conference on
Educational Multimedia, Hypermedia and Telecommunications 2004, pages
1911–1917. AACE.

124



•

Bibliography

Santos, J. L., Govaerts, S., Verbert, K., and Duval, E. (2012a). Goal-oriented
visualizations of activity tracking: A case study with engineering students.
In Proceedings of the 2nd International Conference on Learning Analytics and
Knowledge, LAK ’12, pages 143–152, New York, NY, USA. ACM.

Santos, J. L., Verbert, K., and Duval, E. (2012b). Empowering students to reflect
on their activity with StepUp!: two case studies with engineering students. In
Proceedings of the 2nd workshop on awareness and reflection in Technology-
Enhanced Learning, pages 73–86. CEUR Workshop Proceedings.

Schafer, J., Frankowski, D., Herlocker, J., and Sen, S. (2007). Collaborative filter-
ing recommender systems. In Brusilovsky, P., Kobsa, A., and Nejdl, W., editors,
The Adaptive Web, volume 4321 of Lecture Notes in Computer Science, pages
291–324. Springer Berlin Heidelberg.

Scheuer, O. and Zinn, C. (2007). How did the e-learning session go? The Student
Inspector. Frontiers in Artificial Intelligence and Applications, 158:487–494.

Schmitz, B. and Wiese, B. S. (2006). New perspectives for the evaluation of train-
ing sessions in self-regulated learning: Time-series analyses of diary data.
Contemporary Educational Psychology, 31(1):64–96.

Schmitz, H.-C., Scheffel, M., Friedrich, M., Jahn, M., Niemann, K., and Wolpers,
M. (2009). CAMera for PLE. In Cress, U., Dimitrova, V., and Specht, M., ed-
itors, Learning in the Synergy of Multiple Disciplines, volume 5794 of Lecture
Notes in Computer Science, pages 507–520. Springer Berlin Heidelberg.

Schraw, G. (2007). The use of computer-based environments for understanding
and improving self-regulation. Metacognition and Learning, 2(2-3):169–176.

Sekiya, T., Matsuda, Y., and Yamaguchi, K. (2010). Analysis of Computer Sci-
ence Related Curriculum on LDA and Isomap. In Proceedings of the Fifteenth
Annual Conference on Innovation and Technology in Computer Science Educa-
tion, ITiCSE ’10, pages 48–52, New York, NY, USA. ACM.

Shaffer, C. A. and Edwards, S. H. (2011). Scheduling and student performance. In
Proceedings of the 16th Annual Joint Conference on Innovation and Technology
in Computer Science Education, ITiCSE ’11, pages 331–331, New York, NY,
USA. ACM.

Siegfried, R. M., Wittenstein, A. M., and Sharma, T. (2003). An automated advis-
ing system for course selection and scheduling. J. Comput. Sci. Coll., 18(3):17–
25.

Siirtola, H., Raiha, K.-J., and Surakka, V. (2013). Interactive curriculum visual-
ization. In Information Visualisation (IV), 2013 17th International Conference,
pages 108–117.

Silius, K., Tervakari, A.-M., and Kailanto, M. (2013). Visualizations of user data
in a social media enhanced web-based environment in higher education. In
Global Engineering Education Conference (EDUCON), 2013 IEEE, pages 893–
899.

Sirkiä, T. and Sorva, J. (2012). Exploring programming misconceptions: An anal-
ysis of student mistakes in visual program simulation exercises. In Proceed-
ings of the 12th Koli Calling International Conference on Computing Education
Research, Koli Calling ’12, pages 19–28, New York, NY, USA. ACM.

125



Bibliography

Sobecki, J. (2014). Comparison of selected swarm intelligence algorithms in stu-
dent courses recommendation application. International Journal of Software
Engineering and Knowledge Engineering, 24(01):91–109.

Sommaruga, L. and Catenazzi, N. (2007). Curriculum visualization in 3D. In
Proceedings of the Twelfth International Conference on 3D Web Technology,
Web3D ’07, pages 177–180, New York, NY, USA. ACM.

Sorva, J. and Sirkiä, T. (2010). UUhistle: A software tool for visual program
simulation. In Proceedings of the 10th Koli Calling International Conference
on Computing Education Research, Koli Calling ’10, pages 49–54, New York,
NY, USA. ACM.

Spacco, J., Fossati, D., Stamper, J., and Rivers, K. (2013). Towards improv-
ing programming habits to create better computer science course outcomes.
In Proceedings of the 18th ACM Conference on Innovation and Technology in
Computer Science Education, ITiCSE ’13, pages 243–248, New York, NY, USA.
ACM.

Steel, P. (2007). The nature of procrastination: a meta-analytic and theoret-
ical review of quintessential self-regulatory failure. Psychological bulletin,
133(1):65–94.

Steinberg, E. R. (1989). Cognition and learner control: A literature review, 1977-
1988. J. Comput. Based Instruct., 16(4):117–121.

Sumsion, J. and Goodfellow, J. (2004). Identifying generic skills through curricu-
lum mapping: a critical evaluation. Higher Education Research & Develop-
ment, 23(3):329–346.

Tapola, A., Jaakkola, T., and Niemivirta, M. (2014). The influence of achievement
goal orientations and task concreteness on situational interest. The Journal of
Experimental Education, 82(4):455–479.

Taraban, R., Maki, W., and Rynearson, K. (1999). Measuring study time distribu-
tions: Implications for designing computer-based courses. Behavior Research
Methods, Instruments, & Computers, 31(2):263–269.

Tervakari, A.-M., Silius, K., Koro, J., Paukkeri, J., and Pirttila, O. (2014). Use-
fulness of information visualizations based on educational data. In Global
Engineering Education Conference (EDUCON), 2014 IEEE, pages 142–151.

Trcka, N. and Pechenizkiy, M. (2009). From local patterns to global models:
Towards domain driven educational process mining. In Intelligent Systems
Design and Applications, 2009. ISDA ’09. Ninth International Conference on,
pages 1114–1119.

Tuckman, B. W. (1998). Using tests as an incentive to motivate procrastinators
to study. The Journal of Experimental Education, 66(2):141–147.

Tuckman, B. W. (2003). The effect of learning and motivation strategies training
on college studentsi achievement. Journal of College Student Development,
44(3):430–437.

Tuckman, B. W. (2005). Academic procrastinators: Their rationalizations and
web-course performance. Psychological Reports, 96:1015–1021.

126



•

Bibliography

Tuckman, B. W. (2007). The effect of motivational scaffolding on procrastinators’
distance learning outcomes. Computers & Education, 49(2):414–422.

Tuominen-Soini, H., Salmela-Aro, K., and Niemivirta, M. (2008). Achievement
goal orientations and subjective well-being: A person-centred analysis. Learn-
ing and Instruction, 18(3):251–266.

Tuominen-Soini, H., Salmela-Aro, K., and Niemivirta, M. (2011). Stability and
change in achievement goal orientations: A person-centered approach. Con-
temporary Educational Psychology, 36(2):82–100.

Tuominen-Soini, H., Salmela-Aro, K., and Niemivirta, M. (2012). Achievement
goal orientations and academic well-being across the transition to upper sec-
ondary education. Learning and Individual Differences, 22(3):290–305.

Urdan, T., Ryan, A. M., Anderman, E. M., and Gheen, M. H. (2002). Goals, goal
structures, and avoidance behaviors. In Goals, goal structures, and patterns of
adaptive learning, pages 21–54. Lawrence Erlbaum Mahwah, NJ.

Utman, C. H. (1997). Performance effects of motivational state: A meta-analysis.
Personality and Social Psychology Review, 1(2):170–182.

Vasilyeva, E., Puuronen, S., Pechenizkiy, M., and Rasanen, P. (2007). Feedback
adaptation in web-based learning systems. International Journal of Continu-
ing Engineering Education and Life Long Learning, 17(4-5):337–357.

Veenman, M. (2007). The assessment and instruction of self-regulation in
computer-based environments: a discussion. Metacognition and Learning, 2(2-
3):177–183.

Verbert, K., Govaerts, S., Duval, E., Santos, J., Van Assche, F., Parra, G., and
Klerkx, J. (2014). Learning dashboards: an overview and future research op-
portunities. Personal and Ubiquitous Computing, 18(6):1499–1514.

Vermunt, J. K. and Magidson, J. (2002). Latent class cluster analysis. In Applied
latent class analysis, pages 89–106. Cambridge University Press.

Vihavainen, A. (2013). Predicting students’ performance in an introductory pro-
gramming course using data from students’ own programming process. In
Advanced Learning Technologies (ICALT), 2013 IEEE 13th International Con-
ference on, pages 498–499.

Vihavainen, A., Luukkainen, M., and Kurhila, J. (2011). Using students’ pro-
gramming behavior to predict success in an introductory mathematics course.
In Proceedings of The Fourth International Conference on Educational Data
Mining 2011.

Wang, M., Peng, J., Cheng, B., Zhou, H., and Liu, J. (2011). Knowledge visualiza-
tion for self-regulated learning. Educational Technology & Society, 14(3):28–
42.

Weinstein, C. E., Woolfolk, A., Palmer, D. R., and Schulte, A. C. (1987). Learning
and Study Strategies Inventory Package. H&H Publishing.

Winne, P. H. and Hadwin, A. F. (1998). Studying as self-regulated learning. In
Metacognition in educational theory and practice, pages 27–30. Routledge.

127



Bibliography

Winne, P. H. and Jamieson-Noel, D. (2002). Exploring students’ calibration of
self reports about study tactics and achievement. Contemporary Educational
Psychology, 27(4):551–572.

Winne, P. H. and Jamieson-Noel, D. (2003). Self-regulating studying by objec-
tives for learning: Students’ reports compared to a model. Contemporary Ed-
ucational Psychology, 28(3):259–276.

Winne, P. H., Nesbit, J. C., Kumar, V., Hadwin, A. F., Lajoie, S. P., Azevedo,
R., and Perry, N. E. (2006). Supporting self-regulated learning with gStudy
software: The Learning Kit Project. Technology Instruction Cognition and
Learning, 3:105–113.

Winne, P. H. and Perry, N. E. (2000). Measuring self-regulated learning. In
Handbook of self-regulation, pages 531–566. Academic Press.

Wojciechowski, A. and Palmer, L. B. (2005). Individual student characteristics:
Can any be predictors of success in online classes? Online Journal of Distance
Learning Administration, 8(2).

Wu, K. and Havens, W. (2005). Modelling an academic curriculum plan as a
mixed-initiative constraint satisfaction problem. In Kégl, B. and Lapalme, G.,
editors, Advances in Artificial Intelligence, volume 3501 of Lecture Notes in
Computer Science, pages 79–90. Springer Berlin Heidelberg.

Wäschle, K., Lachner, A., Stucke, B., Rey, S., Frömmel, C., and Nückles, M.
(2014). Effects of visual feedback on medical students’ procrastination within
web-based planning and reflection protocols. Computers in Human Behavior,
41:120–136.

Yip, M. C. W. (2007). Differences in learning and study strategies between high
and low achieving university students: A Hong Kong study. Educational Psy-
chology, 27(5):597–606.

Young, J. D. (1996). The effect of self-regulated learning strategies on perfor-
mance in learner controlled computer-based instruction. Educational Technol-
ogy Research and Development, 44(2):17–27.

Zhang, H., Almeroth, K., Knight, A., Bulger, M., and Mayer, R. (2007). Moodog:
Tracking students’ online learning activities. In Proceedings of the World
Conference on Educational Multimedia, Hypermedia and Telecommunications,
pages 4415–4422. Association for the Advancement of Computing in Education
(AACE).

Zimmerman, B. J. (1989). A social cognitive view of self-regulated academic
learning. Journal of educational psychology, 81(3):329–339.

Zimmerman, B. J. (2000). Attaining self-regulation: A social cognitive perspec-
tive. In Handbook of self-regulation, pages 13–39. Academic Press.

Zimmerman, B. J. and Moylan, A. R. (2009). Self-regulation: Where metacog-
nition and motivation intersect. In Handbook of metacognition in education,
pages 299–315. Routledge New York, NY.

Zimmerman, B. J. and Pons, M. M. (1986). Development of a structured inter-
view for assessing student use of self-regulated learning strategies. American
Educational Research Journal, 23(4):614–628.

128



•

Bibliography

Zimmerman, B. J. and Schunk, D. H. (2011). Self-regulated learning and perfor-
mance: An introduction and an overview. In Zimmerman, B. J. and Schunk,
D. H., editors, Handbook of Self-Regulation of Learning and Performance,
chapter 1, pages 1–14. Taylor & Francis.

Zou, X. and Zhang, X. (2013). Effect of different score reports of web-based forma-
tive test on students’ self-regulated learning. Computers & Education, 66:54–
63.

Zucker, R. (2009). ViCurriAS: A curriculum visualization tool for faculty, advi-
sors, and students. Journal of Computing Sciences in Colleges, 25(2):138–145.

Zumbrunn, S., Tadlock, J., and Roberts, E. D. (2011). Encouraging self-regulated
learning in the classroom: A review of the literature. Technical report,
Metropolitan Educational Research Consortium (MERC), Virginia Common-
wealth University.

129



Bibliography

130



•

Errata

Publication I, Section 4.2.2: "64 % of the students" should read "74 % of

the students". This does not affect the conclusions.
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