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Abstract:
Background:
According to research based on cognitive load theory, the way of presenting information in an instructional environment is essential
to the learning outcome. By avoiding unnecessary extraneous load caused by badly designed instructions and other sources, learners
are more likely to successfully construct knowledge. In addition, learner characteristics are known to affect learning.
Objective:
This study explores the effects of learners’ online learning experience, domain-specific prior knowledge, computer attitude and
computer anxiety on their perceived intrinsic, extraneous and germane load and on their learning outcome in a video-based training
course about media design for employees.
Method and Results:
Learning outcome was assessed by ratings of subjective learning success, ratings of professional competence, the number of
completed modules and performance. None of the learning outcome variables could be modelled when entering learner
characteristics in a regression analysis, but all could be modelled using the cognitive load ratings.
Conclusion:
Thus, extraneous, intrinsic and germane load were the most important factors for explaining the learning outcome. This result points
to the importance of instructional design and particularly to managing cognitive load in online training scenarios.
Keywords: Online training, Computer attitude, Computer anxiety, Prior knowledge, Online learning experience, Cognitive load.

1. INTRODUCTION
Nowadays, online learning is established in higher education and vocational training in addition to the traditional
ways of learning and teaching [1]. Although ample theoretical and practical knowledge about online learning can be
found in the literature, the problem of fostering successful student learning persists [2]. One research focus that can
inform educators is to explore the extent that learners’ characteristics and skills related to cognitive, motivational and
affective processes as well as observable usage behavior directly determine learning outcomes. The following study
explores the effects of various learner characteristics on cognitive load while learning and learning outcomes in a videobased online training course about media design for employees. To determine which learner characteristics should be
involved, we combined characteristics that have already shown to be empirically relevant for (online) learning and that
address motivational, affective, cognitive and skill aspects. Thus, computer attitude, computer anxiety, domain-specific
prior knowledge and online learning experience were selected. Our investigation was conducted against the background
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of the Cognitive Load Theory (CLT) and cognitive load assessments [3 - 5].
1.1. Cognitive Load Theory
CLT emphasizes the role of working memory in learning and the problem of occupying working memory by useful
und unnecessary cognitive processes, that is, cognitive loads [3 - 5]. The cognitive processes executed in working
memory are thought to determine the effectiveness of learning. Only when information processing occurs without
disturbances can learners build an adequate mental representation that will be stored effectively in long-term memory.
Working memory has a limited capacity, which allows processing of only a few information elements at a time. If
rehearsal of memory items is not possible, items fade within seconds. Learning complex tasks is often difficult because
of the working memory limitations. Learners must hold numerous elements (e.g. rules and states) in working memory
while relating them, which often exceeds working memory capacity. The components of cognitive load are intrinsic,
germane and extraneous loads. Intrinsic load is commonly assumed to be created by the difficulty of the subject matter
related to the number of elements to be learned and their interactivity [3]. Intrinsic load is the basic amount of
processing required for understanding a presentation. Germane load goes beyond understanding and is bound to
processing information used to build schemas and store them in long-term memory [3]. Extraneous load is assumed to
result from the presentation manner of the material and is often the main source that inhibits learning, because it is
unrelated to the construction or automation of schemas [3]. Successful learning occurs when working memory capacity
is not overburdened by overall cognitive load and when as much capacity as is available can be dedicated to schema
acquisition and automation, which creates germane load. Cognitive overload is mostly created by extraneous and
intrinsic load.
1.2. Assessments of Cognitive Load
Martin [4] proposed a classification of cognitive load measuring methods with respect to causal relationship (direct
vs. indirect) and objectivity (objective vs. subjective). Causality of methods describes whether the measures directly
reflect the effects of cognitive load or are indirectly affected by them via an intermediary link. Objectivity of methods
describes whether the measures reflect subjective, self-reported data or objective assessments of behavior, physiological
conditions or performance. Using indirect and direct subjective measures of cognitive load combined with indirect
objective measures is a widely used combination for measuring cognitive load in cognitive load research, whereas direct
objective assessments are rarely used [3, 4].
1.2.1. Direct, Subjective Assessments of Intrinsic, Extraneous and Germane Cognitive Load
Subjective ratings of material difficulty (a method to assess intrinsic load) or the presentation format of the material
(a method to assess extraneous load) are proposed for measuring the cognitive load of the learning material [4, 5].
Often, these loads are measured by one-item ratings [4, 5]. de Jong [3] summarized a multitude of issues related to
subjective cognitive load ratings, particularly when using one-item rating scales. He questioned the validity, reliability
and sensitivity of the instrument, particularly the variation of scales used in self-report assessments (e.g., number of
points, anchor terms), and how often and when self-reporting is used (e.g., while or after learning). Furthermore, scores
are not consistently interpreted (e.g., as a high or low cognitive load score) and easily comparable (e.g., when scores are
associated with poor performance conditions in one study and with high performance conditions in another study)
across studies. These aspects should be considered when interpreting results involving cognitive load.
One surprising finding is the limited exchange between cognitive load research and research on learning strategies
in the literature [4]. A long history of theory and research on learning strategies in general and in specific situations
exists. Conceptualizations and diagnostics in that field could be fruitful for cognitive load research, especially when
measuring germane load. Germane load could be assessed directly and subjectively by assessing learning strategies,
especially elaboration. Elaboration strategies aim at an active integration of new information with prior knowledge [6].
Techniques like paraphrasing sentences, creating images corresponding to texts, finding analogies, looking for
examples or referring new information to personal experience belong to this category. Learning strategies are
commonly assessed by using multiple items. Instruments that are sufficiently reliable and valid have been developed for
measuring learning strategies [7].
1.2.2. Perceived Usability as a Direct, Subjective Measure of Extraneous Load
In online learning, the learning environment could especially create extraneous load because of the difficulty in
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managing it, commonly referred to as a lack of usability. The extraneous load results from the mental processing power
needed to handle an online learning environment. Thus, the assessment of usability requiring students to rate the
difficulty of managing a learning environment could be categorized as a direct, subjective measure of extraneous load.
For measuring usability, well developed instruments exist that are sufficiently reliable and valid [8]. This type of
extraneous load is distinguished from the extraneous load created by the presentation of the material to be learned,
because it is produced by another source of load, namely the learning environment.
Usability of software is an international concern reflected by standards set by the International Organization for
Standardization (ISO). Central for usability are the standards defined in ISO 9241 ‘ Ergonomics of human-system
interaction’ [9], which states that usability is the “extent to which a product can be used by specific users to achieve
specific goals with effectiveness, efficiency and satisfaction in a specific context of use” (ISO 9241 - Part 11). In
particular, Part 110 of ISO 9241 focuses on principles related to the ergonomic design of the dialogue between a user
and an interactive system [10]. The design principles are formulated in general terms without reference to situations of
use, application, environment or technology. ISO 9241-110 is regarded as applicable to all types of interactive systems,
thus also to online courses. Seven features are listed in ISO 9241-110 (see Table 1) [8]. Applying the ISO definition of
usability to online learning environments, a more specific definition could be the extent to which an environment can be
used by learners to achieve their learning goals with effectiveness, efficiency and satisfaction in a training context.
Table 1. The seven design aspects according to ISO 9241 - Part 110.
Principles

Explanations

Suitability for the task

An interactive system is suitable for the task when it supports the user in the completion of the task, i.e. when the
functionality and the dialogue are based on the task characteristics (rather than the technology chosen to perform
the task).

Self-descriptiveness

A dialogue is self-descriptive to the extent that at any time it is obvious to the users which dialogue they are in,
where they are within the dialogue, which actions can be taken and how they can be performed.

Conformity with user expectations

A dialogue conforms with user expectations if it corresponds to predictable contextual needs of the user and to
commonly accepted conventions.

Suitability for learning

A dialogue is suitable for learning when it supports and guides the user in learning to use the system.

Controllability

A dialogue is controllable when the user is able to initiate and control the direction and pace of the interaction
until the point at which the goal has been met.

Error tolerance

A dialogue is error-tolerant if, despite evident errors in input, the intended result may be achieved with either no
or minimal corrective actions by the user.

Suitability for individualization

A dialogue is capable of individualization when users can modify interactions and presentations of information to
suit their individual capabilities and needs.

1.2.3. Learning Outcome Measures as Indirect Objective and Subjective Load Measures
Learning outcome measures are often used as dependent variables in educational studies to, for example, show the
effectiveness of training methods or to analyze which learner characteristics lead to learning success [11 - 20].
Assessments of performance can be viewed as indirect, objective measures of cognitive load, because performance
indirectly depends on storage and retrieval processes that may be affected by cognitive load [3, 4]. Although
performance measures bear a great amount of uncertainty for interpreting cognitive load [3], they are perfectly suitable
for their intended purpose of measuring performance. Performance measures could then be particularly used to correlate
other load measures with it to clarify which load factors might influence performance. The number of completed
modules in an online training analogously reflects such an indirect, objective measure.
Indirect, subjective measures of performance, such as self-reported learning success or self-reported competence
development, are also used in field studies. These assessment types could especially be administered when performance
is not easily assessed, when feedback given to students is not very differentiated, when the learner’s personal
perspective can provide important information about motivational or evaluative aspects of the learning environment or
when an additional personal view on performance might be fruitful. Performance assessments might reliably reflect
learning success, but subjective reports might more easily reflect, for example, the relevance of the learned material
(i.e., whether students believe that they have learned something important, useful, practical or relevant for their personal
development). One main problem in general with self-report questionnaires is the difference between learners’ current
judgments and their actual behavior [4]. Research on judgements of learning shows that learners can be biased in their
judgement [21]. Judgements may be based on what learners have learned, but they might also be influenced by
subjective experiences like interest, frustration, flow or invested effort [21]. Nevertheless, in the context of academic
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teaching and evaluation, subjective self-reports of competencies and learning success have been successfully and
systematically developed with acceptable reliability and validity [22 - 25] and in accordance with performance
measures [22]. Paechter et al. [22, pp. 223], for example, focused on learning achievements and described them “as
different facets of competences such as theoretical and methodical knowledge as well as skills required for problem
solving, personal/social competences (e.g., in self-regulated or collaborative learning), and/or media competence.”
These subjective self-reports are expected to be more adequate for evaluating learning outcomes than simple
judgements of one-item percentage or x-point rating scales [21].
1.3. Learner Characteristics Influencing Learning
1.3.1. Computer Attitude and Anxiety
Attitudes consist of affective, conative and cognitive components [26]. From a cognitive perspective, attitudes are
often defined as beliefs that are organized in topics, hence the computer as a self-experienced instrument for working
and learning might be of interest concerning learning [26]. Attitudes toward computers are assumed to reflect a bipolar
structure [26]. A person might concurrently have negative and positive beliefs about the same point. Computer attitude
is a learner feature that might affect working memory load while learning. Negative computer attitudes might engender
a more extraneous load because of, for example, disturbing thoughts about the computer malfunctioning or even
crashing. Learners with positive attitudes should be less prone to such thoughts and thus less likely to suffer from extra
working memory load. As a result, the learner is able to adequately engage in information processing and knowledge
construction. Only a few studies have been conducted on the effects of computer attitudes on learning performance.
These studies have found negative effects of negative attitudes [19, 20] and positive effects of positive attitudes (e.g.,
toward e-learning, internet use, information technology, or technology use) on course usage and persistence [27].
Similarly, computer anxiety is also a learner feature that might influence online learning. Computer anxiety has
been defined as a trait, which comprises both cognitive and affective components such as feelings of anxiety and
worrisome thoughts [26]. The anxiety might engender a more extraneous load because the learner must cope with
negative emotions and negative thoughts about the computer. In contrast, learners without computer anxiety are less
likely to suffer from extra working memory load and are assumed to adequately engage in information processing and
knowledge construction. To date, most studies have focused on the relationships between anxiety, computer selfefficacy, and performance or learning system usage (also computer usage), mostly assuming that anxiety has only an
indirect negative effect on performance and course usage but has a direct influence on self-efficacy which directly
influences performance and course usage [13, 17, 18].
1.3.2. Online Learning Experience and Domain-specific Prior Knowledge
The learner’s experience with online learning might also affect working memory load while learning. Online
learning experience could comprise various aspects that accompany participation in online learning courses such as
knowledge about online learning portals and their usage, typical course processes, and adequate learning strategies.
From this point of view, having some online learning experience could help a learner expend less working memory
resources on determining, for example, the correct usage of an online portal, when and what action should be performed
and how to perform an efficient learning action in the course progression. Hence, experienced learners might be able to
concentrate more on learning than less experienced learners. Good design and usability are particularly important for
learners with a lack of experience in online training. Ample evidence exists in the literature showing positive effects of
online learning experience on performance and course persistence [12, 16, 18, 28, 29].
The domain-specific prior knowledge is known to influence program usage, information processing and
performance [11]. Studies from hypertext research have reported that prior knowledge has a positive impact on a
diversity of performance measures [11, 19, 20, 30, 31]. Research based on CLT has revealed expertise reversal effects
in a variety of instructional designs [14]. An expertise reversal effect refers to all instructional design effects that are
dependent on prior knowledge and result in a learning environment that is effective for learners with little prior
knowledge but ineffective for learners with considerable prior knowledge. In experienced learners, guidance of
information processing by presented instructions conflicts with guidance by prior knowledge. These two active
guidance strategies overlap in components that are cross-related and integrated and thus generate unnecessary load,
because ignoring the instructional guidance is difficult. Inexperienced learners lack the schemata to help them handle
new information. Consequently, well-designed instructions can guide information processing by serving as a substitute
for a schema [15]. Given that “the involvement of different (schema-based and instruction-based) cognitive constructs
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for dealing with the same units of information may consume sufficient resources to cause cognitive overload compared
with instruction that relies more heavily on pre-existing schemas for guidance” [16, p. 24], eliminating instructionbased guidance for experienced learners has been recommended. One approach to eliminating components of
instruction-based guidance is to allow learners to control the pace and sequence of information presentation [20], which
is a common feature in online learning courses. Hence, typical online learning scenarios should be adequate for
inexperienced and experienced learners, resulting in a positive correlation between prior knowledge and performance
[19, 20, 31] but a non-existing correlation when the course aims at mastery learning.
2. RESEARCH QUESTIONS
The purpose of the study was to explore the relations between learner characteristics, cognitive loads and learning
outcome in a video-based training course. The study addressed the three research questions.
(1) To what Extent do the Selected Learner Characteristics Account for Cognitive Load?
We expected that a higher level of online learning experience would result in a lower level of extraneous load
because of existing schemas about how online learning environments might function and how to learn with videos.
Correspondingly, higher scores in negative computer attitude and computer anxiety should result in a higher level of
extraneous load because of task irrelevant cognitions. A lower level of extraneous load should result in more available
capacity that could be used for germane load. Thus, the levels of online learning experience, computer attitude and
computer anxiety are likely to be associated with germane load levels. Intrinsic load is assumed to mainly depend on
prior knowledge. The more prior knowledge, the less intrinsic load experienced by the learners.
(2) To what Extent does Cognitive Load Account for Learning Outcomes?
A lower level of extraneous load should result in higher learning outcomes, because the learner will be able to focus
on the learning task. Correspondingly, allocating memory resources to germane processes should directly result in
higher learning outcomes. In contrast, a higher level of intrinsic load should result in higher learning outcomes, because
of exercising more effort in learning to overcome a greater challenge.
(3) To what Extent do the Selected Learner Characteristics Account for Learning Outcomes?
Overall, positive levels of online learning experience, domain-specific prior knowledge, attitude towards computers
and computer anxiety should lead to experiencing less overall load (either less extraneous load or intrinsic load; see
above), resulting in more learning and consequently higher learning outcomes.
3. METHOD
3.1. Participants
The training course was a continuous vocational training on media design for employees. To develop and promote
the training, we announced that partner enterprises would support employee participation in the training. The training
was promoted online on various relevant message boards and pages (including press releases) and offline via flyers
(distributed in numerous chambers of crafts). A total of 128 employees signed up for the course, of which 26 never
logged in and 44 dropped out without sending any solution to the course’s module tasks. The reaming 58 employees
worked on at least one module task, of which 28 provided full datasets and 30 failed to answer the questionnaires. The
mean age of the 28 employees was 38 years (SD = 12). Twenty-three employees were female (82.1%) and 5 were male
(17.9%). Most employees had a post-secondary school diploma (n = 16, 57.1%), followed by a secondary school or
commercial college certificate (n = 9, 32.1%) and an entrance qualification for universities for applied sciences (n = 2,
7.1%). One employee (3.6%) had a secondary modern school-leaving certificate. The size of the enterprises spread from
one-man enterprises (21.4%, n = 6) up to enterprises having more than 250 employees (10.7%, n = 3). Most enterprises
had between two and nine employees (39.3%, n = 11). The most reported branches were freelance, economic or
technical services (n = 5) and health and social systems (n = 5).
3.2. Description of the Online Course
The online course is exclusively an online training course without a fixed schedule that uses asynchronous tools for
communication between learners and tutors and among learners. It consists of 13 modules (e.g., image design,
designing flyers and posters, social media, and open source). The core element of each module is an instructional video
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lasting about 15 minutes. Learners are asked to complete different module tasks to construct knowledge. In the current
study, the evaluation and feedback for each module task solutions were given by the module expert. The expected
workload to successfully complete the training was 20 to 25 hours. In addition, an introductory module informed the
employees about the content, technical requirements and course organization.
The starting point is a Moodle course portal. The module pages are composed of three sections: course issues,
content area, and navigation area. The course issues provide information about the module’s tutor and the student (if
added), and an overview of the student’s learning performances of the modules. The navigation area provides an
overview of the module’s content and direct access to all content sections. The content area comprises the following six
parts: (1) The module profile gives an overview of the content and the teaching objectives. (2) The video presents the
contents. A content includes a typical real world problem, exemplified by an employee of an enterprise who attempts to
solve it according to clearly formulated goals. The components of the solution procedure are presented to the learner in
sequence. Components could be design standards and rules and actions that demonstrate them. Knowledge of design is
utilized and skills are used to produce results. Below the video, learners are asked to evaluate the video. (3) Links to
external resources and literature that could be used for further elaboration are presented in the supplements section. (4)
The training task is used for controlling whether the module objectives were reached by the learners. (5) The support
section provides access to an internal message board, which could be used when learners had questions about contents
or tasks. (6) The media presentation section enables learners to provide access to their media products. The purpose in
the current study was to generate discussion and receive feedback from tutors and other learners.
3.3. Procedure and Means of Measurements
3.3.1. Procedure
One week before starting the training, all registered employees were invited to the first online questionnaire. All
employees of the sample except one answered the questionnaire before studying. The results of the study were not
influenced by the one person who completed the questionnaire after already studying five of 13 modules. After starting,
employees had 12 weeks to work on 13 modules. Each module provided a video questionnaire that was answered after
studying the module’s video for the first time. A module was finished when the student submitted a task solution. Five
weeks after starting, the participants were invited to the second questionnaire and at the end of the training to the final
third questionnaire. The items of all questionnaires are listed in the supplementary file.
3.3.2. First Questionnaire
Employees were asked about their age, sex, level of education and the size and sector of the enterprise they work in.
They then rated their experience with online training and instructional videos on 5-point Likert scales. Then their
attitude towards computers focusing on the personal experience with using the computer as a means for learning and
working was examined [26]. The negative component in the sense of the computer being regarded as an uncontrollable
machine was measured by seven statements. Afterwards, computer anxiety was measured by eight statements referring
to the cognitive and affective components [26]. All statements were rated on a 5-point Likert scale from agree to
disagree.
3.3.3. Second Questionnaire
Usability was measured by using five of the seven scales from the ISONORM 9241-110 questionnaire (suitability
for the task, self-descriptiveness, controllability, conformity with user expectations and suitability for learning) [8].
Each scale comprises five bipolar items, rated on a 7-point rating scale. The ends of the rating scale are represented by
statements featuring opposite positions.
3.3.4. Third Questionnaire
The final questionnaire included a measure of subjective learning success, which was rated with eight statements
concerning the quantity and quality of learning. Students were required to rate whether they could expand their
knowledge and whether they had learned new important and useful information [23]. Professional competence was also
assessed, which is declarative knowledge that comprises specific expertise such as knowledge about facts, concepts,
theories, models and circumstances, as well as knowledge about correlations and principles [24]. Learners rated the
extent that they agreed to seven statements on a 5-point Likert scale.
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3.3.5. Video Questionnaires
The questionnaires included statements about the level of domain-specific prior knowledge, intrinsic load (difficulty
of content) and extraneous load (comfort of presentation format). Participants were required to place check marks on 7point rating scales. They also indicated the extent that they agreed on a 5-point Likert scale to 10 statements about the
use of elaborative learning strategies (reflecting germane load).
3.3.6. Performance
Performance was measured by evaluating the module task solutions. Modules mostly provide transfer tasks, but
retention tasks or both types of tasks can also be used for single modules. The transfer tasks require an application of
the knowledge learned, thus the learners are instructed to either create a media product or evaluate a given product as
the task solution. Scores were calculated as percent correct, because the number of possible points were different for
each task.
3.3.7. Annotation to Analyses
The individual scores of the variables were calculated differently.
1. Means of items were calculated for online learning experience, computer attitude, computer anxiety, subjective
learning success and professional competence.
2. A mean was calculated across the number of tests completed (from 1 to 13 possible scores) for domain-specific
prior knowledge, intrinsic load, extraneous load, germane load and performance. Before, the score of germane
load was calculated as the mean of items per module. These scores reflected the mean ratings of the modules
and thus of the whole training.
3. Means of items were also calculated for the usability scales. The scale scores strongly correlated with each
other, thus the mean of scale scores per individual was used for further analysis. The mean score was considered
to reflect the usability experience best.
A high score expresses a higher level of the feature except for computer attitude which indicates a low negative
attitude (a high score could be thought of as a “positive” attitude). In addition, the number of modules a learner had
completed was counted.
Table 2. Means and standard deviations and the potential score range of each assessment.
Number of items used for
assessment

Number of assessments an individual
score is based on

Online learning experience

2

1

1.26 1.04 74

0-4

.60(1)

Computer attitude

7

1

4.26

.58 74

1-5

.79

Computer anxiety

8

1

1.73

.44 74

1-5

.66

Prior knowledge

1

1 to 13

4.16 1.08 51

1-7

Not calculated

Usability experience

5*5(2)

5(3)

5.12 1.03 38

1-7

.82 to .90(4)

M

SD

n Range Cronbach’s alpha

Intrinsic load

1

1 to 13

4.30 1.23 51

1-7

Not calculated

Extraneous load

1

1 to 13

2.82 1.04 51

1-7

Not calculated

Germane load

10

1 to 13

4.63

.51 51

1-5

.62 to .88(5)
.87

Success of learning

5

1

3.92

.75 36

1-5

Professional competence

7

1

3.73

.73 36

1-5

Number of completed modules

13

1

8.60 5.16 58 0-13

Not calculated

1(6)

1 to 13

81.47 17.59 58 0-100

Not calculated

Performance
(1)

.90

(2)

Note. Correlation of the two scale items. 5 usability features were assessed by 5 items each. (3) Individual scores were calculated as the mean of the
five usability scale scores. (4) Calculated per each usability scale. (5) Calculated per each module. (6) One training task per module.

4. RESULTS
All correlation and regression analyses were computed for the whole sample (n = 28) except for performance. The
mean performance score is only meaningful for analyses when students have studied about the same number of
modules. Thus, the sample decreased to n = 18 when setting the number of studied modules to at least 12. We therefore
performed no detailed correlation analysis of performance, only considering correlations when regression analyses
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succeed in modelling performance.
4.1. Descriptive Statistics
Tabel (3) shows the descriptive statistics of variables. Overall, the sample reported to be less experienced in online
learning, less negative attitudes towards the computer, a low level of computer anxiety and a medium level of prior
knowledge. Students rated usability positively, and intrinsic, extraneous and germane load were reported to have been
small to medium. Learning outcomes were generally positive.
Table 3. Means and standard deviations (n = 28).
M

SD

Range

Online learning experience

.98

1.06

0-4

Computer attitude

4.32

.62

1-5

Computer anxiety

1.66

.42

1-5

Prior knowledge

3.71

.89

1-7

Usability experience

5.19

1.03

1-7

Intrinsic load

4.45

.92

1-7

Extraneous load

2.92

.91

1-7

Germane load

3.69

.44

1-5

Success of learning

3.91

.79

1-5

Professional competence

3.75

.70

1-5

Number of completed modules

10.64

4.10

0-13

Performance

92.80

23.48

0-100

4.2. Analysis of Correlations Between Variables
The correlations between the learner characteristics, the load measures and the outcome variables are shown in
Table (4). In total, 55 correlations were computed. Cumulative Alpha error controlled according to the BonferroniHolm correction [32] lead to three significant correlations (i.e. the values of r = .56, r = -.57 and r = .67). This result
can be expected because of the small sample size, n = 28. Treating correlations smaller than .56 as null correlations is
nevertheless not helpful with interpreting regression results. Alternatively, correlations could be viewed as effect sizes
and only large effect sizes could be discussed. According to an empirical analysis by Gignac and Szodorai [33],
correlations over r = .30 should be considered as relatively large. Adopting this view changes very little in comparison
to the analysis using a non-corrected Alpha level of .05. The latter criterion was taken for discussing correlations.
Table 4. Correlations are shown above the diagonal and one-sided significance levels below (n = 28).
1

2

3

4

5

6

7

8

9

10

11

-.09

-.14

.45

.10

-.14

-.07

-.11

-.06

.05

.26

-.57

-.15

-.08

-.03

-.12

.03

.22

.09

.27

-.03

.10

-.12

-.11

-.01

-.21

-.10

-.31

.03

-.15

.02

-.14

-.19

-.06

.21

-.22

-.55

.00

.56

.48

.32

.27

-.03

-.10

.13

.35

-.37

-.42

-.50

.08

.38

.50

-.17

.67

.29

1

Online learning experience

2

Computer attitude

.327

3

Computer anxiety

.238

.001

4

Prior knowledge

.009

.231

.433

5

Usability

.307

.350

.303

.441

6

Intrinsic load

.239

.434

.280

.228

.128

7

Extraneous load

.353

.279

.297

.469

.001

.082

8

Germane load

.290

.431

.486

.245

.494

.437

.027

9

Subjective learning success

.376

.133

.144

.166

.001

.310

.013

.024

10

Professional competence

.398

.326

.315

.386

.005

.248

.004

.004

.001

11

Number of completed modules

.092

.086

.056

.138

.047

.034

.339

.190

.068

.39
.020

4.2.1. Learner Characteristics
A clear pattern of correlations was found among the learner characteristics. Computer attitude significantly
correlated r = -.57 with computer anxiety, thus the absence of negative attitudes is linked to the absence of computer
anxiety. The second significant correlation occurred between online learning experience and prior knowledge, r = .45.
The more online learning experience learners reported, the more prior knowledge they had.
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4.2.2. Cognitive Load
Again, a clear pattern of correlations was found among the cognitive load variables. Usability experience
significantly correlated (r = -.55) with extraneous load. The lower that learners rated the usability, the higher was their
experience of extraneous load stemming from the learning material. The second significant correlation occurred
between extraneous and germane load, r = -.37. A higher level of extraneous load corresponded with a lower level of
germane load.
4.2.3. Learning Outcomes
Significant correlations could be found among the three outcome variables. Subjective learning success and
professional competence were highly correlated, r = .67. Thus, the higher learners rated their success of learning, the
higher was their experience of professional competence. Furthermore, the number of completed modules correlated
insignificantly with subjective learning success (r = .29) and significantly with professional competence (r = .39).
4.2.4. Learner Characteristics with Cognitive Load and Learning Outcome
All correlations between the learner characteristics and the load variables were between r = -.15 and r = .10 and did
not differ significantly from r = 0. Additionally, no significant correlations were found between success of learning and
professional competence with the learner characteristics of interest. Only the number of completed modules correlated
with online learning experience, computer attitude, and computer anxiety in the expected direction. More positive levels
of these features corresponded to more completed modules.
4.2.5. Cognitive Load and Learning Outcome
Similar correlation patterns occurred for subjective learning success and professional competence. Both were
positively correlated with usability experience and germane load and negatively correlated with extraneous load.
Usability experience also correlated in the expected direction with the number of completed modules. In addition, the
number of completed modules positively correlated with intrinsic load. The higher that participants rated content
difficulty, the more modules they completed.
4.3. Multiple Linear Regression Analyses Using Backward Elimination
4.3.1. Learner Characteristics and Cognitive Load and Learning Outcomes
Neither usability experience, intrinsic load, extraneous load, and germane load nor subjective learning success,
professional competence, number of completed modules and performance could be modelled by multiple linear
regression with the learner characteristics entered as predictors (all full models: adjusted R2 ≤ .04, F ≤ 1.32, p ≥ .29).
4.3.2. Cognitive Load and Learning Outcomes
Subjective learning success could be modelled by multiple linear regression with usability and germane load entered
as predictors (see Table 5). A high multiple correlation of .68 was found, leading to an explained variance of 46%. The
strongest contribution to subjective learning success was usability (β = .56), followed by germane load (β = .38), the
effect of which was about two-thirds of the effect of usability (see Table 6). Both variables have positive betas, meaning
that the higher the usability and germane load scores, the higher the learners rated their subjective learning success.
Table 5. Summary of models.
Adjusted R2

SE

F

df1

df2

p

Subjective learning success

.41

.61

10.52

2

25

.001

Professional competence

.49

.50

9.76

3

24

.001

Number of completed modules

.24

3.59

5.17

3

24

.013

Performance

.19

3.63

4.92

1

17

.041

Similarly, professional competence could be modelled by usability, intrinsic and germane load, accompanied by an
also high multiple correlation of .74 and an explained variance of .55. The contribution of usability and germane load
were equally high (β = .54 and β = .50), and the contribution of intrinsic load was about half as strong as the
contributions of the other variables (β = .27), but it only approached significance. All three variables have positive
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betas, meaning that the higher the usability, intrinsic and germane load scores, the higher the learners rated their
professional competence.
The number of completed modules could be modelled with usability and intrinsic load as predictors. A high
multiple correlation of .54 was found with an explained variance of .29. The contribution of usability and intrinsic load
were equally high (β = .42 and β = .45). Both variables have positive betas, meaning the higher the usability and
intrinsic load scores, the more modules were completed by the learners. Performance could be modelled with usability
as the predictor. A correlation of .49 was found with an explained variance of .24. The higher the usability scores, the
higher the performance scores.
Table 6. Results of the multiple linear regression analyses with backward elimination of variables.
B
Subjective learning success

Professional competence

Number of completed modules

SE ß

t

df p

(Constant)

-.82 1.15

Usability

.43

.11 .56 3.81 25 .01

Germane load .67

.27 .38 2.54 25 .02

(Constant)

-1.99 1.11

-.72 25 .48

-1.79 24 .09

Usability

.37

.10 .54 3.86 24 .01

Intrinsic load

.20

.11 .27 1.93 24 .07

Germane load .79

.22 .50 3.68 24 .01

(Constant)

-6.88 5.50

Usability

1.68 .69 .42 2.45 25 .02

-1.25 25 .22

Intrinsic load 1.97 .69 .45 2.58 25 .02
Performance

(Constant)

74.80 5.71

Usability

2.35 1.06 .49 2.22 16 .04

3.10 16 .01

4.3.3. Self-Correlation, Homoscedasticity, and Non-collinearity
The self-correlation of residuals from the regression models were tested with the Durbin-Watson test, which
computes values in the range of 0 to 4. Values close to 2 (commonly used is the interval of 1.5 to 2.5) are assumed to
highlight the non-existence of self-correlations of residuals. Thus, the residuals are considered to be independent for
subjective learning success (DW = 2.79) and professional competence (DW = 1.59), but the assumption is violated for
the number of completed modules (DW = .69) and performance (DW = 3.18). Homoscedasticity, tested by the Koenker
test [34], was not violated for subjective learning success (λ2 = 2.66, df = 2, ns), professional competence (λ2 = 3.40, df =
3, ns), the number of completed modules (λ2 = 3.09, df = 2, ns), and performance (λ2 = .26, df = 1, ns). Non-collinearity
focuses on the correlations between predictors and could be controlled by the Variance Inflation Factor (VIF). Values
near 1 are unproblematic, values that exceed 10 are often regarded as indicating multicollinearity, but values above 2.5
may be a cause for concern in weaker models. For all significant regression models including more than one predictor,
the VIF values of subjective learning success (all VIF = 1.00), professional competence (all VIF values between 1.00
and 1.05) and number of completed models (all VIF values 1.05) indicated non-collinearity of the predictors that
survived the backward elimination method.
5. DISCUSSION
The aim of the study was to investigate whether the learning characteristics, online learning experience, domainspecific prior knowledge, computer attitude and computer anxiety influence cognitive load when learning and thus
contribute to learning outcomes. Generally, we expected that relevant online experience, considerable domain-specific
prior knowledge, positive attitudes towards computers and less computer anxiety would lead to lower levels of overall
load when learning, particularly extraneous and intrinsic load, which would in turn result in more learning and
consequently higher learning outcomes. The results showed unexpectedly that learning outcomes did not depend on any
of the learner characteristics, but the outcomes were influenced by cognitive load.
Subjective learning success, professional competence, the number of completed modules and performance could be
modelled by regression with the load variables of experienced usability of the online training environment and intrinsic
and germane load entered as predictors. Learners who had a lack of usability in an online learning system tended to
experience higher levels of extraneous load, which resulted in less learning and lower performance. The result that
perceived usability is positively correlated with learning outcomes is consistent with the dearth of research on usability
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and learning outcomes [22, 24, 35 - 38]. Moreover, germane load measured by rating strategies of elaboration was
positively related to learning outcomes. The purpose of elaboration strategies is to integrate new information with prior
knowledge [6]. Therefore, the finding that a higher level of germane load corresponded to higher ratings of subjective
learning success and professional competence is not surprising. This result also corresponds to research on learning
strategies [7]. In addition, participants passed more modules and felt more competent when they reported to have been
confronted with higher intrinsic load (i.e., more difficult tasks). This finding urges us to suggest motivation to be
considered in further studies. More challenging content might increase motivation to process the learning content and
complete the modules. The result also corresponds to research on task difficulty and motivation, particularly as it
pertains to effort and related physiological reactivity [39]. Given that subjective learning success and professional
competence were highly correlated, it is not surprising that the regression models using them as response variables were
very similar. Moreover, the number of completed modules was weakly correlated with success of learning and
professional competence, which was reflected in a similar regression model.
None of the learning outcomes and cognitive loads could be modelled by using the learner characteristics. Why this
unexpected result might have occurred [11 - 13, 17 - 20, 29 - 31]? This result could be due to a lack of variance in
learner characteristics. One explanation could be that a highly homogeneous group of participants with respect to
learner characteristics responded very similarly. Learners were widely free of anxiety and had a positive attitude toward
computers with only little variance between participants in these characteristics. Online learning experience scores
indicated that learners mostly had only little experience, and their self-reported prior knowledge was also on average in
the lower range, thus contributing to the low variance found in learner characteristics. Moreover, only receiving the
feedback of having past or failed a module might have hindered learners from rating subjective learning success and
professional competence more carefully and with more differentiation.
CONCLUSION
For future practices, we recommend to concentrate on managing load by means of instructional design and
didactics. Nevertheless, the results must be treated carefully. The small sample size and lack of experimental design in
this field study warrants replication of results under more controlled conditions with more learners, which would also
give the analyses more power. In addition, motivation was not assessed in the study, which could be an important
variable contributing to the number of completed modules. Thus, it should be considered in further studies. Overall,
approaching authentic online learning scenarios under a cognitive load perspective in a broader way was shown to be
fruitful.
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