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Abstract

Usage data of online distance-learning environments can inform educators
about learning and performance of students. Among the usage variables,
various time measures are indicative of learning approaches and
performance level. In this study, we obtained study time parameters from
distance-learning students and explored how it is connected to learner
characteristics and learning. The data from 159 in-service teachers
studying a script-based modularized distance training on media education
were analysed. Students were clustered according to their module study
times (using objective and subjective data) into 117 long and 42 short
study-time learners (i.e., having studied at least one of their completed
modules very fast). The clusters were compared on (a) their characteristics
of learning strategy usage, domain-specific prior knowledge, intrinsic
motivation, and computer attitude and anxiety and (b) their experienced
difficulties of content and learning, their invested effort and experienced
pressure while learning, and their performance. The clusters were expected
to be meaningful entities that differ in relevant characteristics that
influence distance-learning experience and performance. Long study-time
learners showed a higher level of motivation and performance but a lower
level of prior knowledge. We concluded that study time could be used as
an indicator for problematic students.

Abstract in German

Nutzungsdaten von Online-Lernumgebungen beim Fernlernen konnen
Informationen iiber den Lernprozess und die Lernleistung Studierender
tragen. Unter den Nutzungsdaten erwiesen sich verschiedene Zeitmafie als
Indikatoren fiir das Lernverhalten und das Leistungsniveau. In dieser
Studie wurde die Lernzeit von Lernenden erhoben und untersucht, wie
diese mit Lernenden-Eigenschaften, Lernerlebnis und Lernerfolg
zusammenhédngen. Die Daten von 159 Lehrkriften, die einen
skriptbasierten, modularisierten Fernkurs zum Thema Medienbildung

88



Best of EDEN 2018 Annual Conference 2018, Genova

absolvierten, wurden analysiert. Die Studierenden wurden anhand ihrer
Lernzeiten pro Modul (anhand objektiver und subjektiver Daten) in zwei
Gruppen eingeteilt: eine Gruppe (n = 117), welche angemessen lange jedes
abgeschlossene Modul bearbeitete, und eine Gruppe (n =42), welche
zumindest ein Modul sehr schnell bearbeitete. Die Gruppen wurden
beziiglich (a) Lernstrategienutzung, dominenspezifischem Vorwissen,
intrinsischer ~ Motivation,  Einstellung zum  Computer  und
Computerdngstlichkeit und (b) wahrgenommener Schwierigkeit der
Inhalte und des Lernens, investierter Anstrengung, erlebtem Druck beim
Lernen und der Lernleistung verglichen. Erwartet wurde, dass die
Lernzeit-Gruppen aussagekriftige Einheiten sind, die sich in relevanten
Merkmalen unterscheiden, welche die Erfahrungen beim Fernlernen und
die Lernleistung beeinflussen. Die Lerngruppe mit angemessen langen
Lernzeiten wiesen eine hohere Motivation und Lernleistung auf, startete
aber mit geringerem Vorwissen im Kurs. Es zeigte sich, dass die Lernzeit
als Indikator fiir problematische Studierende herangezogen werden kann.

Keywords: distance training, student characteristics, self-regulated learning, cognitive
load, distance-learning performance

Introduction

Distance learning research investigates how to foster successful student learning
(Rowe & Rafferty, 2013). One research focus is to explore the extent that learner
characteristics and skills determine learning outcomes and to elaborate predictive
models of performance (Ak¢apinar et al., 2015; Yukselturk & Bulut, 2007). Although
these approaches often start with diagnostics of learner characteristics before learning
(e.g., Yukselturk & Bulut, 2007), diagnostic methods applied while learning have
become popular (Kinnebrew et al., 2013; Lile, 2011). Modern approaches use data
mining and learning analytics to identify learners that have problems. These methods
attempt to benefit from objective data that are provided by various types of log
systems that record online traces (Akgapinar, 2015). Data mining methods might
result in better online diagnostics and intervention methods when the mechanisms
that underlie usage patterns are known. Hence, relating usage patterns to student
characteristics has been recommended to render them meaningful (Ak¢apinar, 2015).

The following study obtained objective and subjective study time indicators and used
them to identify groups of learners in a distance-training course. The groups were first
compared in characteristics that have already been shown to be empirically relevant
for distance learning, including motivational, affective, cognitive, and skill aspects
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(i.e., domain-specific prior knowledge, intrinsic motivation, computer attitude,
computer anxiety, and use of learning strategies). The results of this analysis should
show the extent that these correlates affect study time, which could serve as a starting
point for adequate interventions. Second, group differences in learning were explored
to show the relevance of study time for learning. These results should show how study
time is related to learning. Our investigation was conducted against the background of
self-regulated learning (Rowe & Rafferty, 2013).

Self-regulated learning, learning strategies, and motivation

“Self-regulation refers to self-generated thoughts, feelings, and actions that are
planned and cyclically adapted to the attainment of personal goals” (Zimmerman,
2000; p.14). Self-regulation is relevant in multiple areas of human functioning but
particularly plays an important role for learning in academic settings. In such settings,
competent learning is basically understood as the initialization and adequate use of
motivational, cognitive, metacognitive, and behavioural skills by learners (Weinstein
etal,, 2011). Accordingly, Rowe and Rafferty (2013) also defined self-regulated
learning as a process that “involves students’ intentional efforts to manage and direct
complex learning activities toward the successful completion of academic goals” (p.
590).

Self-regulated learning involves, according to Pintrich (1999), the use of learning
strategies, which monitor, control, and regulate basic processes (e.g., eye movement
and the decoding of verbal and pictorial information) for performing a learning task
(Weinstein & Mayer, 1986). Learning strategies are categorized as cognitive,
metacognitive, and resource management strategies. Cognitive strategies include
strategies of rehearsal, elaboration, and organization, which are strategies of
processing information (Weinstein et al., 2011). Rehearsal strategies are activities that
focus on retention of information in working memory, elaboration strategies focus on
integrating new information with prior knowledge, and organizational strategies serve
the purpose of reducing and structuring information. Metacognitive strategies include
the planning, monitoring, and regulation of cognitive processes (Griese, 2015;
Pintrich, 1999). Resource management involve activities that generally support
learning and shield against external disturbances or other influences (Griese, 2015).

Self-regulated learning has been found to be significantly related to (academic)
performance (e.g., Agustiani et al., 2016; Song et al., 2016) and is assumed to be a key
component of successful distance learning because of its high demands on self-

regulation skills that are needed to succeed (Rowe & Rafferty, 2013). Research in the
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context of online and distance learning has found support for this assumption,
showing that management skills (in particular managing time and organizing learning
effectively and having comfortable conditions for studying) predicted dropout and
learning achievement (e.g., Hart, 2012; Ivankova & Stick, 2007; Lee & Choi, 2011; Lee
et al., 2013; Stiller & Bachmaier, 2017a; 2017b; Tsai & Tsai, 2003; Yukselturk & Bulut,
2007).

Related to self-regulated learning, Lee (2013) discussed deep and surface learning
approaches, characterized by deep and surface motives and strategies. Learning
approaches refer to intentionally adopted behavioural patterns by learners while
performing specific learning tasks. Hence, learning approaches are not learner
characteristics. A surface learning approach is more likely to be guided by extrinsic
motives with the intention of completing a course with minimal effort, and a deep-
learning approach is more guided by intrinsic motives with a focus on comprehension
(Baeten et al., 2013; Laird et al., 2014; Lee, 2013). Empirical research shows that deep
learning approaches (i.e., both deep motives and strategies) correlate positively with
online and distance performance, whereas surface learning approaches (i.e., both
surface motives and strategies) correlate negatively (e.g., Ak¢apinar, 2015; Lee, 2013;
Yurdugiil & Menzi Cetin, 2015).

Overall, motivation to learn has been the focal correlate of dropout and learning
success in distance and online training. Intrinsic motivation refers to performing a
task because it is inherently interesting or enjoyable, whereas extrinsic motivation
pertains to performing a task because it leads to a contingent outcome that is
unrelated to the action (Legault, 2016; Ryan & Deci, 2000). Intrinsic motivation is
correlated with high-quality and successful distance learning. In general, motivation
has been found to be positively correlated with course persistence and negatively with
dropout (e.g., Grau-Valldosera & Minguillon, 2014; Hart, 2012; Ivankova & Stick,
2007) and positively with performance (e.g., Artino, 2008; Waschull, 2005; Yukselturk
& Bulut, 2007). A higher level of intrinsic motivation might make learners more
resilient against learning problems and thus against the risk of dropping out in
comparison to less intrinsically or extrinsically motivated learners. A higher
motivational level might also make learners invest more resources in learning and
especially process information more deeply, which in turn contributes to successfully
passing tests (e.g., Lee, 2013; Yurdugiil & Menzi Cetin, 2015).
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Prior knowledge, computer attitude and anxiety, and self-regulated learning

Prior knowledge is known to predict school and academic performance and especially
influence learning in various instructional settings (e.g., Hailikari et al., 2008; Song
etal.,, 2016; van Gog et al., 2005). In general, possessing prior knowledge is considered
a desirable condition for learning (e.g., Chi, 2006). Learning succeeds best when new
information can be connected to available knowledge from long-term memory
(van Gog etal.,, 2005). The ability to relate new information more easily to prior
knowledge should result in better performance. Research has shown that prior
knowledge affects performance in various educational contexts. The more students
know, the more they gain when studying. In the context of complex learning
environments, including distance learning scenarios, domain-specific prior knowledge
(e.g., previous GPA or academic performance) can positively influence performance
and dropout (e.g., Jiang et al., 2015; Knestrick et al., 2016; Song et al., 2016; Stiller,
2019; Stiller & Bachmaier, 2017a; 2017b).

Studies have also reported that a higher level of prior knowledge correlates with higher
levels of self-regulation skills (e.g., Chi, 2006; Hailikari etal.,, 2008). Thus, prior
knowledge and self-regulation separately contribute to explaining learning
performance, but their impact on performance has been rarely investigated together in
research (Song etal., 2016). In a recent study, Magno (2016) reported high multiple
correlations of prior knowledge and self-regulation skills with academic performance
in various subjects, but the details of the calculated regression analyses were not
reported. The findings are not clear as to the extent that each of the seven self-
regulation strategies and three prior knowledge aspects contributed most to the
prediction of performance. Another recent study by Song etal. (2016) found no
relationship between prior knowledge and self-regulation, but they reported
significant effects of prior knowledge and self-regulation on medical clerkship
students’ performance.

Attitudes are mostly viewed as being composed of affective, conative, and cognitive
components (Richter etal., 2010). From a cognitive perspective, attitudes are often
conceptualized as beliefs, which are organized topically. In the context of distance and
online learning, investigating computer attitudes could be informative. Richter and
colleagues conceptualized computer attitudes as a belief about the computer being
useful as an instrument for working and learning that develops through self-
experience. They also proposed computer anxiety as a trait comprising affective
aspects, such as feelings of anxiety, and cognitive aspects such as worrisome thoughts.
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Computer anxiety and computer attitude are assumed to influence self-regulated
learning, especially learning strategy usage.

The empirical literature has frequently investigated the relation between computer
anxiety and computer attitudes with performance and also learning systems and
computer usage by focusing on the influence of computer self-efficacy as mediating
variable (e.g., Hauser etal.,, 2012; Saadé & Kira, 2009). The prevailing underlying
assumption is that computer anxiety and computer attitude directly influence self-
efficacy, which then directly influences the system usage and performance. In this
context, negative attitudes and a considerable level of computer anxiety might lead to
a lower level of self-efficacy and hence to surface learning or inadequate usage of
learning strategies. The adequate use of learning strategies (e.g., information
processing, monitoring comprehension, selecting main ideas and test strategy,
resource management, and time management) is widely known to be correlated with
positive computer attitudes and lack of computer anxiety (Tsai & Tsai, 2003; Usta,
2011; Wong et al,, 2012).

Usage data of learning environments, study time, and learning

Usage data of an online or distance learning environment can inform educators about
learning and in particular about performance (Akgapinar et al., 2015; Kinnebrew et al.,
2013; Lile, 2011). The indicators, which could be used for analyses, depend on the user
actions that can be performed in an online learning environment (Ak¢apinar, 2015;
Akgapinar et al,, 2015; Jiang et al., 2015; Lile, 2011). Two main categories of data are
the starting point for analysis: occurrence of events (e.g., logins, posts, posts viewed,
questions asked, questions answered, tasks completed) and duration of events (e.g.,
time spent on self-assessments, time needed to solve a task). Usage patterns gained by
logfile analyses could be related to the level of performance and surface or deep
learning approaches (Akgapinar, 2015; Ak¢apinar et al., 2015). The Ak¢apinar studies
revealed that a less intensive usage reflected by low frequency of events (e.g., logins,
posts) and short event times (e.g., total time spent in the online environment)
correlated with surface learning and low performance, and the opposite pattern of
intensive usage correlated with deep learning and high performance.

Akgapinar (2015) and Ak¢apinar et al. (2015) also found that among the investigated
usage pattern variables, various time measures were indicative of learning approaches
and level of performance, suggesting that time spent on the learning task is important
for successful online learning apart from frequency of participation (e.g., Ak¢apinar,

2015). Furthermore, research results also suggest that the time spent with specific
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information or actions might be more indicative of successful learning than the overall
learning time (e.g., Jiang et al., 2015). In sum, overall learning time is composed of
various partial durations, such as studying an educational video and also other -
perhaps not useful - actions in a learning environment, which might be more
indicative of successful learning, especially if these time measures are shown to more
strongly correlate with effective and efficient learning processes.

Research objectives and expectations

Groups of students should be profiled based on their study periods in a distance
training. Therefore, students were first clustered into fast and slow learners according
to their module study times. First, the clusters were compared on the learner
characteristics of learning strategy usage, domain-specific prior knowledge, computer
attitude and computer anxiety, and in reference to their demographic characteristics.
Second, they were compared in the experienced difficulties of content and learning,
the invested effort and experienced pressure while learning, and performance. Clusters
are expected to be meaningful entities that differ in (a) relevant individual
characteristics that influence distance learning and (b) learning experience and
performance (cf. Stiller & Bachmaier, 2019).

Method
Sample

The data of 159 (68% female; age: M = 37.42 years, SD = 8.98, range from 21 to 60
years) of the 318 in-service teachers who registered voluntarily for a distance training
about media education in the German Federal State of Bavaria were analysed for this
study. The criterion for analysis was completing at least one training module by taking
the final module test. One half of the 318 registered teachers (159) dropped out of the
training before completing any module. In-service teachers were recruited by
promoting the training offline via flyers at all primary schools, secondary general
schools, intermediate schools, and grammar schools in Bavaria (see the German
classification of schools in Federal Ministry of Education and Research, 2017). Most
teachers worked in intermediate and grammar schools, followed by primary and
secondary general schools, and other school types (see Table 5 in the results section).
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Description of the distance training

The training was based on a modular design and instructional texts. Students could
learn at their own pace and at any time, and they could freely decide how many of the
modules to study and in which sequence. The starting point of the training was a
Moodle course portal. It consisted of nine modules, an introductory module, and eight
modules about media education (e.g., Generation SMS: The use of mobile phones by
children and adolescents; How to find a good learning program: Evaluation criteria for
educational software). The introductory module informed about content, technical
requirements, course organization, and learning skills. Each module had a linear
structure of six sections: (a) An overview of the content and the teaching objectives,
(b) a case example of a real-life problem, (c) a test of domain-specific prior knowledge
used for activating prior knowledge and giving feedback about its level, (d)
instructional text and optional supporting material, (¢) a questionnaire about studying
the module, and (f) a final performance test that evaluated learning success and
provided feedback. The workload for studying a module was estimated to take 60 to
90 minutes. Students were supported via email, chat, and phone.

Procedure and measurements

The training was offered during a Bavarian school year lasting from October to July.
The first login directed a student to the introductory module, which could be studied
optionally. Then, students completed the first questionnaire assessing demographic
information and the student characteristics in focus. Then, the eight course modules
were accessible. A prior-knowledge test was presented at the beginning of each
module and a final module test at the end. Students were questioned about each
module before completing it by taking the final module test. A student could provide
up to eight data sets, one for each module.

Table 1:  Translated German items of the first questionnaire

Intrinsic motivation

I think | will enjoy studying the modules very much.

I think studying the modules will be fun to do.

I think studying the modules will be a boring activity.

I think studying the modules will not hold my attention at all.
I think studying the modules will be very interesting.

I think this activity will be quite enjoyable.

I think | will not enjoyed studying the modules.

NOuUubhwN =

Computer attitude

1 To me, the computer seems too unreliable to use as a learning tool.
2 | am often frustrated by the fact that the computer simply does not make sense to ordinary
people.
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o b w

7
8
9

When | use the computer for work, | constantly worry that it might break down.

Working with the computer is often frustrating because | do not understand the machine.
Sometimes my computer does things | do not understand.

The computer programs that | use for learning and working are sometimes hard to
understand.

When | work with a computer, | feel that the computer does what it wants.

If  have computer problems while I am working, | feel helpless.

I wish | had to work less with computers.

Computer anxiety

coNOOULT A WN =

| feel confident in using the computer.

| panic when my computer crashes.

In working with the computer, | am easily frustrated when problems occur.
Working with the computer makes me uneasy.

When working with the computer, | am often worried that | might break something.
| feel that | cannot really control my computer.

If possible, | avoid working with the computer.

In the case of occurring computer problems, | stay calm.

Metacognitive strategies; (p) = planning, (m) = monitoring, (r) = regulating

1

w N

NO »u A

(o)

10

11

I try to consider beforehand which areas of certain topics | have to study and which | do not
have to study. (p)

Confronted with a difficult subject matter | adapt my learning strategy accordingly. (r)

If | do not understand everything | am reading, | will try to make a note of the gap in my
knowledge and sift through the material again. (r)

| decide in advance how much subject matter | would like to work through in this session. (p)
Before starting on an area of expertise, | reflect upon how to work most efficiently. (p)

I plan in advance in which order | want to work through the subject matter. (p)

I ask myself questions on the subject matter in order to make sure that | have understood
everything correctly. (m)

In order to find gaps in my knowledge | sum up the most important contents without using
my notes. (m)

I work on additional tasks in order to determine if | have truly understood the subject matter.
(m)

In order to check my own understanding | explain certain parts of the subject matter to a
fellow student. (m)

When an aspect seems confusing or unclear, | examine it again thoroughly. (r)

Time management

1
2
3
4

I work according to a schedule.

| decide on the times for my learning.

| fix the hours | spend daily on learning in a schedule.
Before each study period | appoint the duration of my work.

Learning environment

auh wWwNn =

I work in a place that makes it easy to concentrate.

| design my work environment in a way that | am distracted as little as possible.
When learning | always sit at the same place.

When studying | make sure that | can work uninterrupted.

My workplace is designed in a way that makes it easy to find everything.

At my desk | have the most important papers within reach.

Note: Items assessing intrinsic motivation, computer attitude, and computer anxiety were rated on 5-
point Likert scales from “do not agree” to “agree” and items assessing learning skills from “very rarely”
to “very often”
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The first questionnaire (see Table 1) assessed intrinsic motivation (Interest/Enjoyment
scale of the Intrinsic Motivation Inventory (IMI); Leone, 2011), attitude towards
computers (i.e., the negative component of computer attitude in the sense of the
computer being regarded as an uncontrollable machine; “Personal experience/learning
and working/autonomous entity” scale of the Questionnaire for the Content-Specific
Measurement of Attitudes toward the Computer (QCAAC); Richter et al., 2010) and
computer anxiety (“Confidence in dealing with computers and computer
applications” scale of the QCAAC; Richter etal, 2010), and skills in using
metacognitive learning strategies, time management strategies, and strategies to
arrange an adequate learning environment (Wild & Schiefele, 1994; Griese, 2015).
Scale scores were calculated as means of items. A higher score expresses a higher level
of the assessed characteristic except for computer attitude, which indicates a low
negative attitude (a higher score could be vaguely interpreted as a “positive” attitude).

The module questionnaires (see Table 2) measured the effort put into learning and the
tension experienced while learning (Effort/Importance and Pressure/Tension scales of
the IML; Leone, 2011), and the difficulty of the content and studying (one item each,
often used for measuring intrinsic cognitive load and overall load against the
background of Cognitive Load Theory; de Jong, 2010). Scale scores were calculated as
means of items for each completed module, and the final individual scores were
calculated as the mean of the module scores (varying from one to eight scores per
student). A higher individual score expresses a higher level of the rated characteristics.

Table 2: Translated German items of the module questionnaire

Difficulty of content

1 The content of the module was well comprehensible.

Difficulty of studying

1 Studying the module was very difficult for me.

Effort put into learning

1 I putalot of effort into processing this module.

2 Ididn't try very hard to do well at processing this module.

3 Itried very hard on processing this module.

4 It wasimportant to me to do well at processing this module.
5 Ididn’t put much energy into processing this module.

Experienced pressure and tension

1 ldid not feel nervous at all while working through this module.
2 Ifelt pressured while working through this module.

3 lwasvery relaxed in working through this module.

4 | was anxious while working through this module.

5 |felt very tense while working through this module.

Note: All items were rated on 5-point Likert scales from “do not agree” to “agree”
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Multiple-choice tests were used to assess prior knowledge (five items) and
performance (15 items including the pre-test items) for each module. Each item
comprised four answers of which at least one was correct. Tests were considered
appropriate for measuring learning success because the training was intended to
provide factual knowledge. Per module, the scores of the multiple-item scales were
calculated as the mean of items. Then prior-knowledge and performance scores were
calculated as percent correct. Finally, means were calculated across the number of
completed tests. Table 3 presents the features of all used scales.

Table 3:  Descriptive statistics of measurements

#IO #A? Range M SD n a® M SD n
Interest/Enjoyment 7 1 1-5 4.00 .62 318 .84 4,03 .58 159
Computer attitude 9 1 1-5 423 .59 318 .80 4.22 61 159
Computer anxiety 8 1 1-5 1.77 .63 318 .82 1.81 65 159
Metacognitive strategies 1 1 1-5 343 .61 318 .81 3.50 .55 159
Time management 4 1 1-5 247 .90 318 .83 251 90 159
Learning environment 6 1 1-5 3.99 .68 318 .80 4.07 62 159
Prior knowledge 5 1-8 0-100 48.71 16.34 255 459 5147 14.67 159
Difficulty of content 1 1-8 1-5 1.67 .60 151 1.67 .60 151
Difficulty of studying 1 1-8 1-5 1.71 .69 151 1.71 69 151
Effort/Importance 5 1-8 1-5 333 .54 151 .59% 333 54 151
Pressure/Tension 5 1-8 1-5 1.81 72 151 879 1.81 72 151
Performance 15 1-8 0-100 80.12 13.82 159 569 80.12 13.82 159

Notes: © Number of items used for assessment, @ Number of assessments an individual score is based
on, ® Cronbach’s alpha, ® Mean Cronbach'’s alpha.

Results

A short and long study-time group were identified by considering the following three
criteria.

1. The objectively measured period between completing the prior knowledge test
and starting the final module test was calculated as an indicator of a module’s
study time. These periods were assumed to be reliable for detecting short study
times. The criterion for a short study time was set to 20 minutes. A successful
completion of any module was calculated with a workload of 60 to 90 minutes.

2. Longer periods are not reliable measures because they might include activity
unrelated to learning (e.g., pauses or time between downloading and studying a
script). Accordingly, the self-reported study time was used instead as an
indicator of study time. The criterion to group learners into short or long study
periods was set to 25 minutes.

3. Finally, learners who studied at least one of the modules with a short study
time were assigned to the short study-time group; otherwise, they were
assigned to the long study-time group.
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This process resulted in 117 long study-time learners and 42 short study-time learners.
Slightly more than half (57%) of the students in the short study-time group studied
most of their modules quickly. No differences were found between the study-time
groups for sex, age, type of school, and number of successfully completed modules (for
analysis, the categories of 0 to 3 and 4 to 7 completed modules formed one group each;
see Tables4 and 5). The students mostly completed one (17%), two (12%) or all
modules (43%), but less often three to seven modules (23%).

Table 4: The percentage of students working on modules in short or long study times
No. (%) of No. (%) of

0y 0,
No. (%) of students '\.IO' (%) of students students with students with No. (%) o.f
. with more short than students with
with only short study equal short more long
g long only long
times study times and long than short study-times
Y study times study times 4
14 (8.80) 10 (6.29) 5(3.14) 13(8.18) 117 (73.58)
No. of 0 3(21.43) 5(4.27)
successfully 1 6 (42.86) 1(20.00) 20(17.09)
completed 2 1(7.14) 18(15.38)
modules 3 1(7.14) 2(20.00) 1(20.00) 1(7.69) 8(6.84)
4 1(20.00) 5(4.27)
5 1(20.00) 3(23.08) 8(6.84)
6 3(2.56)
7 1(7.14) 1(10.00) 1(0.85)
8 2(14.29) 7 (70.00) 1(20.00) 9(69.23) 49 (41.88)

Table 5: The demographic characteristics of the teachers and their successfully completed

modules
No. (%) of No. (%) of No. (%) of
studying short study-time long study-time N df p
students students students
Total 159 (100.00) 42 (26.42) 117 (73.58)
Sex Female 108 (67.92) 28 (66.67) 80 (68.38) 0.04 1 839
Male 51(32.08) 14 (33.33) 37(31.62)
Type of Primary school 20(12.58) 7(16.67) 13(11.11) 377 4 439
school Secondary general 14 (8.81) 4(9.52) 10 (8.55)
school
Intermediate school 69 (43.40) 16 (38.10) 53(45.30)
Grammar school 39(24.53) 8(19.05) 31(26.50)
Other than listed 17 (10.69) 7 (16.67) 10 (8.55)
Successfully  0-3 67 (42.14) 16 (38.09) 51(43.59) 040 2 .820
completed 4-7 24 (15.09) 7(16.67) 17 (14.53)
modules 8 68 (42.77) 19 (45.24) 49 (41.88)

The study-time groups were compared on the learner characteristics and the study
ratings (see Table 6). Significant differences were only found for prior knowledge,
intrinsic motivation, and performance. Long study-time learners showed a higher
level of motivation and performance but a lower level of prior knowledge. The
ANOVA with repeated measures of prior knowledge and performance revealed a large
effect of time, F(1,157) = 265.48, p <.001, /7 =.63, and a medium sized interaction
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effect, F(1,157) = 10.41, p <.002, 17 =.06, showing that the long study-time students
gained more knowledge than the short study-time students.

Table 6: Means and standard deviations of the student groups, results and effect sizes are
shown. One-sided Welch-tests and ¢ tests were calculated

Short study-time group Long study-time

group
M SD n M SD n t df p d

Age in years 37.55 9.26 42 37.38 8.92 17 .10 70.08 458 .02
Intrinsic motivation 391 .52 42 4.07 60 17 -1.70 83.91 .046 .28
Computer attitude 4.25 73 42 4.21 57 17 .36 59.98 361 -.06
Computer anxiety 1.82 .78 42 1.81 .61 117 .09 59.85 465 -.02
Metacognitive strategies 345 .58 42 3.52 .53 117 -62 67.73 .268 13
Time management 246 91 42 2.53 91 117 -42 71.74 336 .08
Learning environment 4,05 .69 42 4.08 .59 117 -28 64.43 .389 .05
Prior knowledge 56.10 2117 42 49.80 11.14 17 1.84 49.39 .036 -44
Difficulty of content 1.79 77 40 1.63 .52 m 1.23 52.18 113 -27
Difficulty of studying 1.85 74 40 1.66 67 m 1.50 149 .068 -28
Effort/Importance 3.26 .52 40 3.35 .55 m -94 149 176 a7
Pressure/Tension 1.85 .78 40 1.79 .70 11 49 149 314 -.08
Performance 77.12 15.17 42 81.20 13.20 117 -1.65 157 .050 30

Discussion

Two learner groups were formed according to study time for each module. One group
completed most of their modules quickly, spending little time studying. Hence, these
students likely missed important information that could not be organized and
integrated into an adequate knowledge representation. Students from the second
group spent reasonably long periods for studying, which allowed an adequate
selection, organization, and integration of important information. Evidence for this
assumption was found only for performance (Akgapinar, 2015; Ak¢apinar et al., 2015),
which reflects the results of Stiller and Bachmaier (2019) with a sample of trainee
teachers. Results from the analysis of learning experience measures (i.e., ratings of
content difficulty, studying difficulty, invested effort, and experienced tension while
learning) descriptively show lower difficulty and tension ratings and higher effort
ratings for the long study-time group, and a tendency toward significance for the
difficulty ratings. These results only partially replicate the results by Stiller and
Bachmaier (2019). Overall, effect sizes are mostly placed in the small to medium sized
range of effects.

Groups also differed in motivation and prior knowledge. These findings are consistent
with results on intrinsic motivation (e.g., Grau-Valldosera & Minguillon, 2014; Hart,
2012; Ivankova & Stick, 2007). That is, learners spending more time with studying are
more motivated. Overall, this pattern of results is not surprising given that intrinsic
motivation is understood to be inherently linked to self-motivated learning (Ryan &
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Deci, 2000). The finding that a higher level of prior knowledge contributed to faster
study periods could have occurred as a result of the method. A module was deemed
successfully completed when a student correctly answered at least 50% of the items in
the given module test. Most students of the short study-time group had already met
that criterion after the prior knowledge test. Consequently, they might have expected
to perform equally well in the module post-test without spending much time studying
a module. This procedure might have contributed to faster study times and worse
performance.

Unexpectedly, the results are not consistent with empirical results on learning skills
(e.g., Hart, 2012; Ivankova & Stick, 2007; Lee & Choi, 2011; Lee et al., 2013), and they
do not fully replicate the findings by Stiller and Bachmaier (2019), who found higher
metacognitive skills and skills in arranging an adequate learning environment for the
long study-time trainee teacher group. One explanation can be found in the working
conditions of students. Trainee teachers are assumed to have a higher workload and
overall stress in their practical teacher-training period at schools in which planning,
preparation, and regulation of their learning and teaching are stressed, thus they
might be challenged to use their skills more effectively to integrate a continuing
vocational distance-training course into their daily work (Stiller & Bachmaier, 2019).
In-service teachers are assumed to feel less workload and stress compared to trainee
teachers because of their experience with daily work routines related to teaching and
administration. Hence, strategy skills might be less important for experienced teachers
to integrate a continuing vocational distance-training course into their daily work.

Overall, the results must be interpreted carefully. Although the sample size was
adequate, the distance training modular design, the use of instructional downloadable
pdf papers, and the special target group of teachers are all a matter of concern when
generalizing conclusions, especially to whole distance study programs. Nevertheless,
the present study results are widely consistent with the theoretical approach and
empirical evidence reported in the literature.

Study time could be used as a predictor for how students study and thus for
identifying students that should be guided to a deep learning approach (Akeapinar,
2015; Ake¢apinar et al., 2015). Self-reported study times might be especially important
when logfiles cannot be used for calculating study times because of, for example,
institution security policies or the lack of this kind of information in the files (e.g., for
distance learning courses that provide offline instructional material). In general, when
logfiles can be used, additional indicators are likely to exist that are related to learning
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approaches (Akgapinar, 2015; Akgapinar etal., 2015; Kinnebrew et al., 2013; Lile,
2011). The data used in this study were obtained by a Moodle system that recorded the
entry timestamp of course pages.

A problem might arise from trainings that are free to everybody, as was the case for
the distance training in this study, which was free to every trainee and in-service
teacher. A wide range of motives could lead to course registration and to participation,
making it difficult to assess which students are willing to study and complete the
course and which students could be targets of interventions. One particular problem
with the present training might have engendered a gambling behaviour of students
because the hurdle to complete a module was set low by using multiple-choice items
of low- to medium-level difficulty that tested for factual knowledge. Thus, students
could have tried their luck in succeeding in subsequent module tests with little effort.
More challenging tasks might have shifted learners to dropping out. Normally, such
tasks cannot be solved by guessing the solutions. Future research could first identify
user groups and analyse these groups separately to gain clearer insights about the
factors that lead to dropout and learning success.

For practice and research, focusing on combining logfile analyses with an initial
diagnostic of relevant learner characteristics and their framework conditions for
studying seems promising. Logfile analyses could especially be used to support
students in their learning behaviour and to lead them to higher performance, and it
might also be used to identify and support students that drop out after having studied
parts of a training (Akgapinar, 2015; Ak¢apinar et al., 2015; Kinnebrew et al., 2013;
Lile, 2011). In complex educational environments like study programs, other possible
correlates could be analyzed such as academic background, grade-point average, or
former distance learning experience and success (Lee & Choi, 2011; Wladis et al.,
2014).
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