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Abstract  

Emphasis manipulation is a way to help learners by directing their attention to particular 
subcomponents of a learning task. This study investigated the effects of different approaches 
to emphasis manipulation on knowledge transfer and cognitive load. This was done by 
examining the impact of three task selection strategies: system-controlled, learner-controlled, 
and shared-controlled. Forty-five students (n = 45) in the first or second year of high school 
were randomly assigned to three groups and each group used a different type of task selection 
to manipulate emphasis in a complex learning context. The system-controlled group carried 
out learning tasks that were identified as essential by the system. The learner-controlled group 
selected and carried out learning tasks they needed to learn. The shared-controlled group chose 
and carried out learning tasks that they wanted to learn from a list of suggested learning tasks. 
The tasks had four learning phases: pre-test, training, mental-effort rating, and transfer test. 
After participants completed the training, their cognitive load was measured. One week after 
the training, a transfer test was conducted to measure the constituent skill acquisition. The 
findings revealed that the system-controlled task selection strategy was the most effective in 
optimizing cognitive load and enhancing knowledge transfer. In addition, learners benefited 
from personalized guidance on learning task selection based on their expertise. Given that the 
shared-controlled task selection method was more effective than the learner-controlled task 
selection, this study’s results indicate that learners should be provided with information about 
how to select learning tasks when they are allowed to do so. 

Keywords: cognitive load, complex learning, emphasis manipulation, task selection 
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Modern society requires individuals to solve real-life problems. In education, there is more 
and more emphasis on using complex tasks to help learners integrate the knowledge, skills, 
and attitudes essential for effective task performance in real-life applications (Merrill, 2002; 
van Meeuwen et al., 2018; Frerejean et al., 2019). Although previous studies have shown 
complex tasks effectively enhance learners’ cognitive skills and help them achieve 
higher-quality solutions (Beers et al., 2005; Slof et al., 2011; Shin et al., 2018), learners can 
have difficulty carrying out such tasks. One reason complex tasks are difficult is they can 
impose a high cognitive load on learners due to the fact that they are loosely structured 
problems composed of diverse subcomponents (van Merriënboer & Kirschner, 2018; Jung et 
al., 2019). 

To overcome this difficulty, researchers have suggested using whole-task sequencing 
strategies such as simplifying conditions, knowledge progression and emphasis 
manipulation (van Merriënboer & Kirschner, 2018). The simple to complex sequencing of 
whole tasks facilitates the learning experience by encouraging learners to coordinate and 
integrate the constituent skills that make up a whole task (van Merriënboer & Kirschner, 
2018). One of the advantages of whole-task sequencing is that it enables learners to carry out 
whole tasks without segmenting the elements into individual tasks. For example, 
emphasis manipulation is a whole-task approach that can help learners see the “big 
picture”, as it allows them to practice constituent skills within the context of a whole task 
(Gopher, 2007; van Merriënboer & Kirschner, 2018; Frerejean et al., 2021). Emphasis 
manipulation directs learner focus to specific subcomponents of a task, rather than having 
them perform the whole task all at once (Gopher et al., 1989; Frerejean et al., 2021). As 
a result, emphasis manipulation can help learners coordinate constituent skills and 
process whole tasks while focusing on learning component skills. 

Although many studies have indicated emphasis manipulation is an effective way to direct 
learner attention within a whole-task module, some researchers have argued that it is ineffective 
because the whole task is repeated many times throughout the process (Gopher et al., 2007). 
Repetitive whole-task performance can increase cognitive load by increasing the amount of 
redundant information, especially as learners’ expertise increases (Chen, 2008). This can 
cause the expert reversal effect (Sweller, 1994; Kalyuga et al., 2003), particularly for 
more experienced learners who are already proficient in selecting, controlling and monitoring 
their learning processes (Ertmer & Newby, 1996). To reduce unnecessary cognitive 
load and promote cognitive skill acquisition, previous researchers have recommended a 
personalised approach to emphasis manipulation based on learners’ prior knowledge 
(Corbalan et al., 2006; Kalyuga & Sweller, 2014).  

Researchers have focused on task selection strategies as an effective personalised approach 
(Salden et al., 2004; Salden et al., 2006). The rationale for focusing on task selection 
strategies is they can enable learners to learn interrelated constituent skills more 
efficiently. Such strategies facilitate the cognitive learning process by ensuring that the task 
classes match the learners’ level of expertise (Corbalan et al., 2006). During task 
selection, learners can be provided with a personalised sequence of tasks based on their 
specific proficiency and current learning status. This sequence of learning tasks can be 
chosen by a system, an instructor or a learner (Paas et al., 2011). Ideally, more personalised 
learning sequences, informed by input from learners, will allow them to perform learning 
tasks that are most suitable for their current level of expertise. For this reason, a 
personalised task selection approach to emphasis manipulation is expected to prevent the 
expert reversal effect and promote constituent skill acquisition.  

IAFOR Journal of Education: Technology in Education Volume 9 – Issue 4 – 2021

85



Some studies have shown that the system-controlled approach to task selection is effective at 
complex learning (e.g., Camp et al., 2001; Kalyuga, 2006). In contrast, others have shown that 
high levels of system control may negatively affect learners’ motivation (e.g., Corbalan et al., 
2006), suggesting that giving learners control over task selection is a more effective approach 
to complex learning (e.g., Salden et al., 2006). Despite the advantages of task selection, 
research has produced inconclusive results about the effectiveness of various task selection 
strategies. In addition, few studies have explored the relationships between task selection, 
whole-task sequencing, and emphasis manipulation. 

To address these issues, the current study explored effective instructional strategies for whole-
task sequencing based on personalised approaches to complex learning. Specifically, the study 
examined three types of task selection strategies for emphasis manipulation. These strategies 
were categorised according to the agent who selected the learning tasks: system, learner, and 
shared (system and learner).  

This study’s research questions were formulated to identify effective emphasis-manipulating 
task selection strategies for learners. The first question was, “What are the effects of different 
task selection strategies on learners’ cognitive load during emphasis manipulation 
sequencing?” The second question was, “What are the effects of task selection strategies on 
knowledge transfer during emphasis manipulation sequencing?” By addressing these 
questions, this study was conducted to identify the most effective task selection approaches to 
emphasis manipulation for complex learning. 

Theoretical Background  

Emphasis Manipulation Sequencing 
Complex learning requires learners to integrate knowledge, skills and attitudes. Researchers 
have proposed many methods of promoting cognitive skill acquisition during complex learning 
(van Merriënboer & Kirschner 2018; Jung et al., 2019). Although the methods differ, they share 
a focus on learning experiences based on authentic, real-life tasks (Kirschner et al., 2006; Wang 
et al., 2017). The cognitive tasks used in complex learning have been shown to improve 
learners’ cognitive skill acquisition and facilitate knowledge transfer (Kester & Kirschner, 
2012; van Merriënboer & Kirschner, 2018).  

Studies have recommended whole-task sequencing as an effective way to help learners 
coordinate and integrate constituent skills and promote knowledge transfer (van Merriënboer 
& Kirschner, 2018). In particular, emphasis manipulation, which is a whole-task sequencing 
strategy that emphasises or de-emphasises constituent skills within a whole-task project, can 
help learners to acquire complex cognitive skills (van Merriënboer & Kirschner, 2018). In 
emphasis manipulation sequencing, the relative emphasis on selected subcomponents is 
manipulated, but the whole task remains intact (Gopher et al., 1989; van Merriënboer & 
Kirschner, 2018). The essence of emphasis manipulation is that learning occurs continuously 
as the subcomponent priorities are varied. Emphasis manipulation allows learners to work on 
all of the constituent skills from the beginning of the learning process while focusing learners’ 
attention on the most significant subcomponents. It is most effective if priorities and trade-offs 
are established and appropriate attention-allocation learning strategies identified (Gopher, 
1993).  

Despite emphasis manipulation’s ability to help learners focus on important subcomponents of 
effectively learning the target material, it can create cognitive difficulties if too much redundant 
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information is generated. This can happen when the whole learning process is repeated from 
beginning to the end while emphasizing different subcomponents. As a result, instructional 
strategies that prevent unnecessary cognitive load and promote learning performance should 
be applied when using emphasis manipulation. 

Task Selection Strategy 
Researchers studying whole-task sequencing have proposed task selection strategies for 
personalised learning that can effectively provide learning content that matches the 
characteristics and differences of individual learners (van Merriënboer & Kirschner, 2018). 
Some researchers have categorised task selection strategies according to the agent who 
determines (controls) which learning tasks will be emphasised: system control, learner control 
and shared control (Corbalan et al., 2006; Corbalan et al., 2008; Paas et al., 2011). In a system-
controlled condition, learning tasks are selected by an instructional agent such as the computer 
system or teacher (Tennyson & Buttery, 1980; Corbalan et al., 2006). The system-controlled 
approach is used in some electronic learning environments, providing personalised learning by 
selecting tasks based on learners’ current stage of learning (Camp et al, 2001). However, high 
levels of system control may negatively affect learners’ interest and task involvement in 
learning (Corbalan et al., 2006). To prevent this, there is a need for learner control over some 
aspects of the learning process.  

Salden and colleagues (2006) reported that giving learners control over task selection promotes 
learners’ motivation and helps them engage in self-regulated learning. As the aim of complex 
learning is to promote complex cognitive skills and self-regulation skills, learner-controlled 
instruction is believed to lead to learning success. Giving learners task selection opportunities 
assumes that they are able to identify the learning tasks that are the most suitable to their needs 
(van Merriënboer, 2002; Bergamin & Hirt, 2018). In turn, this may increase learner motivation 
and strengthen their belief that they can accomplish their learning goals, ultimately leading to 
successful complex learning. In addition, learner control avoids unnecessary cognitive load by 
eliminating non-essential learning tasks and increasing germane cognitive load by increasing 
learning engagement (Vandewaeter & Clarebout, 2013; Lange, 2018). However, learner-
controlled task selection is not always effective. Task selection may overburden novices and 
learners may omit essential parts of learning tasks when selecting one learning task from a 
large number of learning tasks (Merrill, 2002; Schwartz, 2004).  

Another task selection strategy, shared-controlled, has been developed to compensate to 
address the limitations of learner-controlled selection (Corbalan et al., 2006). In the shared-
controlled approach, learners select tasks while referring to personalised information about the 
most essential learning tasks based on their expertise. Some researchers have reported that 
shared control is more efficient than either system control or learner control alone, as it helps 
learners to make the right selections and to eliminate redundant learning tasks (van Meeuwen 
et al., 2018).  

Cognitive Load and Expert Reversal Effect 
Cognitive load theory (CLT) developed by Sweller (1988) has suggested that cognitive load is 
a critical factor in the process of complex tasks learning (Salden et al., 2006). Cognitive load 
can be divided into three elements: Intrinsic cognitive load, Extraneous cognitive load, and 
Germane cognitive load (Sweller, 1994). Intrinsic load is determined by the complexity of 
learning elements that are related to performing tasks (Gerjets et al., 2006). Extraneous load is 
imposed learning methods, information presentation methods, and learning strategies 
(Corbalan et al., 2008). Intrinsic load and extraneous load do not promote learning while 
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germane load does (Moreno & Park, 2010). Germane load is imposed as a result of the 
cognitive efforts required to form schemas during learning. Germane cognitive load occurs by 
learning methods designed to promote automation, and researchers suggest securing the space 
for germane load by reducing extraneous load (Jung et al., 2016). Studies exploring CLT have 
suggested that intrinsic load and extraneous load must be reduced and germane load promoted 
for successful complex learning (Sweller, 1994; Moreno & Park, 2010).  

Although emphasis manipulation sequencing is effective for teaching complex cognitive skills, 
repeated learning processes can lead to the expert reversal effect (Sweller, 1994; Kalyuga et 
al., 2003). Many studies of this effect have shown that educational approaches that are 
successful for novice learners are often less effective for more experienced learners (Jung et 
al., 2016; Kalyuga & Renkl, 2010; van Merriënboer & Sweller, 2010). Repetitive cognitive 
processing and learning materials constitute extraneous cognitive load, which may hinder 
learning. Thus, appropriate learning tasks and methods that consider learners’ prior knowledge 
are needed to prevent the expert reversal effect as learner expertise increases over the learning 
process (Kalyuga & Renkl, 2010; Jung et al., 2016; Choi et al., 2019).  

Individualised instruction that considers learners’ expertise can be an effective strategy, as it 
may provide learners with appropriate learning tasks and reduce unnecessary cognitive load. 
Individual learners’ cognitive load is determined by interactions between the learners’ 
expertise and the difficulty of the learning tasks (Paas et al., 2003); thus, redundant educational 
materials and support can be removed as learner proficiency in a specific learning task 
improves. In addition, to optimise cognitive load and promote learning efficiency, educational 
guides must be provided at the time they best suit learners’ needs. Using a personalised learning 
strategy to guide emphasis manipulation is likely to be an effective approach to reducing 
cognitive load and achieving learning objectives because it is challenging to identify the level 
of learning difficulty and particular subcomponent skills that should be emphasised for each 
individual learner. Thus, this study examined how applying three task selection approaches 
(system-controlled, learner-controlled, shared-controlled) to emphasis manipulation affected 
the success of complex learning. 

Research Methodology  

Participants  
Forty-five students (n = 45) in the first or second year of high school in South Korea enrolled 
in a career development class were participants in this study. Permission to conduct this study 
was initially obtained from the school, as well as the students and their parents. Thus, there 
were no significant ethical conflicts. The students were 17 or 18 years old and 31 students 
(70%) were male and 14 (30%) were female. Participants were randomly assigned to one of 
three groups: a system-controlled group (SC; n=15), a learner-controlled group (LC; n=15), 
and a shared-controlled group (SHC; n=15).  

Description of Task Selection Learning Environment 
The task selection learning environment developed for this study consisted of three categories 
of constituent skills related to some advanced features in PowerPoint: animation effects, chart 
and graph effects, and multimedia effects. Each category included five constituent skills (see 
Table 1). Each of the three groups was presented with a different set of learning tasks on the 
main page of a website (see Figure 1). The system-controlled instruction condition provided a 
list of learning tasks in which the participants were weak; the learner-controlled instruction 
condition provided a list of all of the learning tasks; and the shared-controlled instruction 
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condition provided a list of suggested learning tasks. When the participants clicked on a 
particular learning task displayed on the main page, a short video lecture played. Brief videos 
(3 – 5 minutes) were provided to help participants acquire the constituent skills. None of the 
learning phases for constituent skill acquisition were time limited. Each group performed 
different learning tasks based on the type of task selection control. 
 
Table 1 
List of Constituent Skills 
 
Animation effects Chart and graph effects Multimedia effects 

1. Screen transitions 1. Insert a table 1. Word Art 

2. Add animation effects 2. Insert a chart 2. Smart Art 

3. Customise animation effects 3. Chart layout 3. Insert an audio file 

4. Modify animation effects 4. Edit data in Excel 4. Insert a video file 

5. Animation Pane 5. Change chart type 5. Hyperlink 
 
Figure 1 
Structure of Task Selection Learning Environment 

  
 
Pre-Test 
Fifteen self-rated problems were used to measure participants’ prior knowledge of the target 
skills. A computer-based task was developed to measure the learners’ level of competence in 
PowerPoint. The participants were asked to make PowerPoint slides so that their weakest 
constituent skills could be identified. Responses to pre-test items were categorized by three 
evaluators as either poor and awarded a score of 0 or good and awarded a score of 1. Thus, the 
minimum pre-test score was 0 and the maximum was 15. There was no difference between the 
groups’ pre-test scores [F(2, 42) = .097, p > .05].  
 
 
 

List of learning tasks 
 
When learners click on a learning task, 
they can watch a video to learn the 
constituent skill.  
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Experimental Conditions 
The system-controlled (SC) instruction condition provided learners with the learning tasks that 
they were the weakest in, which was determined by learners input. The SC group only carried 
out learning tasks that were identified as essential by the system based on their pre-test results. 
The SC group was not given the opportunity to carry out other learning tasks (see Figure 2).  
 
The learner-controlled (LC) instruction condition provided learners with a list of all of the 
learning tasks. The learners in the LC group selected the learning tasks that they needed to 
learn and then carried out these learning tasks. The LC group was not provided with guidance 
on what was essential information or feedback to help with their task selection (see Figure 3).  
 
The shared-controlled (SHC) instruction condition provided learners with a list of suggested 
learning tasks based on their pre-test results. However, unlike those in the SC group, the 
learners in the SHC group could choose any learning task that they wanted to learn (see Figure 3). 
 
Table 2 
Three Types of Selection Control and Learning Tasks  
 

Group Type of control Learning tasks 
SC System  Weakest learning tasks 

LC Learner All the learning tasks without information about which are the 
essential learning tasks 

SHC System and Learner  All the learning tasks with suggestions about essential learning tasks 
 
Figure 2 
Weakest Learning Tasks for the SC Group 
 

 
 

 
 
 

Weakest sets of learning tasks 
Animation  Charts and graphs  Multimedia  

Assignment 1 Insert a chart Word Art 
- Chart layout Smart Art 
- Edit data in Excel Insert an audio file 
- Change chart type Insert a video file 
- Assignment 2 Hyperlink 
  Assignment 3 

* Functions to perform specific learning tasks were open to learners in the 
system-controlled group. 
 

 

 

Perform only the weakest 
learning tasks and submit 
Assignments 1, 2 and 3 and 
the final assignment. 
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Figure 3 
All of the Learning Tasks for the LC group and the SHC Group 

 
 
 
 

Cognitive Load Measures 
A 10-point Likert-scale was used to measure cognitive load (Leppink et al., 2013). Previous 
studies have used this instrument to measure cognitive load (e.g., Becker, Klein, Gößling, & 
Kuhn, 2020; Thees, Kapp, Strzys, Beil, Lukowicz, & Kuhn, 2020). The scale ranged from “not 
at all the case” (0) to “completely the case” (10). The measurements consisted of three intrinsic 
load items, three extraneous load items, and four germane load items (see Table 3). All of the 
participants were asked to rate their cognitive load after the training phase. The reliability 
analysis revealed a Cronbach’s alpha value of 0.807 for the intrinsic load items, 0.895 for the 
extraneous load items, and 0.911 for the germane load items. 
 
Table 3 
Sample Questions to Measure Cognitive Load  
 

Type of load Questionnaires 
Intrinsic load The topic/topics covered in the activity was/were very complex. 
Extraneous load The instructions and/or explanations during the activity were very unclear. 
Germane load The activity really enhanced my understanding of the topic(s) covered. 

 
Transfer Measures 
Learning outcomes were measured using a transfer test. One week after the training session, 
the participants were asked to make PowerPoint slides related to their major and recent trends 
in their disciplines. The purpose was to use the constituent skills acquired during the training 
phase. The transfer tests were recorded in the task selection learning environment to determine 
whether the participants had used the constituent skills properly. Three evaluators were chosen 
to rate the submitted PowerPoint slides using two scale values: poor (0) or good (1). The 

All of the learning tasks 
Animation Charts and graphs Multimedia 

Screen transitions Insert a table Word Art 
Add animation Insert a chart Smart Art 

Customise animation Chart layout Insert an audio file 
Modify animation Edit data in Excel Insert a video file 
Animation Pane Change chart type Hyperlink 
Assignment 1 Assignment 2 Assignment 3 

* Functions to perform whole learning tasks were open to learners in the 
learner-controlled group. 

 

 

There are 15 learning tasks. 
Select the learning tasks you 
want to learn, perform the 
learning tasks, then submit 
Assignments 1, 2 and 3 and 
the final assignment. 
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minimum transfer test score was 0 and the maximum was 5. The measurements consisted of 
three items (see Table 4). Interrater reliability analysis revealed a Cohen’s Kappa value of 
0.765. 
 
Table 4 
Sample Indicators to Measure the Level of Knowledge Transfer 
 

Item # Questionnaires Categories 
1 Student made PowerPoint slides using screen transitions. Animation effects 
2 Student made PowerPoint slides using a table. Charts and graph effects 
3 Student made PowerPoint slides using a video file. Multimedia effects 

 
Procedure 
The study was conducted over two weeks in an online learning environment. The participants 
were assigned to one of three groups and asked to perform tasks across four learning phases: 
pre-tests, training, mental-effort rating, and transfer tests (see Table 5). After the pre-tests, each 
group was provided with learning tasks associated with their assigned task selection condition. 
They then carried out the learning tasks for constituent skill acquisition. The participants were 
required to watch the short video lectures and then make three presentation slides that were 
identical to the presented samples. After the participants completed the training, their cognitive 
load was measured. One week after the training phase, a transfer test was administered to 
measure the acquisition of constituent skills. 
  
In the transfer test, participants were asked to make PowerPoint presentation slides on a 
specific topic (My dream major at university). Participants were asked to use all of the 
functions about PowerPoint they had learned during the training phase. The PowerPoint 
presentation slides made in the transfer test were evaluated by one visual communication expert 
and two educational experts. All of the procedures and responses were recorded using a video 
recording program so the exact performance of the participants could be evaluated (see Figure 4).  
 
Figure 4 
Learning Processes in the Task Selection Learning Environment 
 

 
 

Data Collection and Analysis 
This study used a one-way factorial design. The independent variable was type of task selection 
control and the dependent variable was cognitive load, which consisted of intrinsic load, 
extraneous load, and germane load, as well as learning success. Analysis of variance was 
conducted to compare the cognitive load and learning between the three groups. The 
significance level was set at 0.05. The Statistical Procedures for Social Sciences version 24.0 
was used to code and analyze the data. 
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Results  
 
Effects of Task Selection on Learners’ Cognitive Load 
The SC group had the highest intrinsic cognitive load (M = 10.73; SD = 3.10), and the SHC 
group had the lowest intrinsic cognitive load (M = 9.40; SD = 2.26). The LC group had the 
greatest extraneous cognitive load (M = 10.33; SD = 2.47), and the SC group had the lowest 
extraneous cognitive load (M = 8.33; SD = 2.13). The SC group had the highest germane 
cognitive load (M = 14.13; SD = 5.09) (see Table 5).  
 
Table 5 
Descriptive Statistics for Cognitive Load and Knowledge Transfer (N=45) 
 

Types of control n 
Intrinsic load Extraneous load Germane load Transfer 

M SD M SD M SD M SD 

System control  15 10.73 3.10 8.33 2.13 14.13 5.09 4.93 0.70 

Shared control 15 9.40 2.26 9.07 3.22 9.60 4.01 4.80 0.49 

Learner control 15 10.33 2.47 14.07 4.79 9.20 2.14 4.30 0.77 

 
ANOVA for cognitive load revealed that the types of task selection control had a statistically 
significant effect on extraneous cognitive load [F (2, 42) = 11.59, p < .001, = .36] and germane 
cognitive load [F (2, 42) = 3.35, p < .05,  = .26], but not intrinsic load [F (2, 42) = 1.01, p > 
.05] (see Table 6). 
 
A post hoc Tukey test showed that the differences between the extraneous cognitive loads of 
the SC and LC groups (p = .000) and between the SHC and LC groups (p = .001) were 
statistically significant. A post hoc Tukey test also showed that the differences in the germane 
cognitive loads of the SC and LC groups (p = .005) and SHC and LC groups (p = .011) were 
statistically significant. These results mean that the SC and SHC groups experienced 
statistically significantly less extraneous cognitive load than the LC group. However, there was 
no statistically significant difference in the extraneous cognitive loads experienced by the SC 
and SHC groups. Furthermore, the SC and SHC groups experienced statistically significantly 
similar germane cognitive load that was statistically significantly more than the LC group. 
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Table 6 
ANOVA of Cognitive Load 

Type of load Sources SS df MS F p 

Intrinsic load Between groups 14.04 2 7.02 1.01 .373 

Within groups 291.87 42 6.95 

Total 305.91 44 

Extraneous load Between groups 292.04 2 146.02 11.59 .000* .356 

Within groups 529.20 42 12.60 

Total 821.24 44 

Germane load Between groups 225.24 2 112.62 7.24 .000* .256 

Within groups 653.73 42 15.57 

Total 878.98 44 

*p < .05

Table 7 
Post hoc Tukey Test Results for Cognitive Load 

Cognitive Load Sources Type of control 
System control Shared control Learner control 

Intrinsic Cognitive 
Load 

System control 1.33 (.358) .40 (.909) 
Shared control -1.33(.358) -.93 (.60) 
Learner control -.40 (.909) .93 (.60) 

Extraneous 
Cognitive Load 

System control -.73 (.839) -5.73 (.000**, -1.61)
Shared control .73(.839) -5.0 (.001*, -1.41)
Learner control 5.73 (.000**, 1.61) 5.0 (.001*, 1.41) 

Germane Cognitive 
Load 

System control .40 (.964) 5.13 (.005*, 1.21) 
Shared control -.40 (.964) 4.73 (.011*, 1.11) 

Learner control -5.13 (.005*, -1.21) -4.73 (.011*, -
1.11) 

*p<.05 **p<.001

Effects of Task Selection on Knowledge Transfer 
The SC group had the highest transfer success (M = 4.93; SD = 0.70), followed in decreasing 
order by the SHC group (M = 4.80; SD = 0.49) and the LC group (M = 4.30; SD = 0.77) (see 
Table 5). The ANOVA test for transfer success showed that task selection type statistically 
significantly affected knowledge transfer success, F (2, 42) = 3.35, p < .05 (see Table 8). A 
post hoc Tukey test showed that the differences in knowledge transfer success between the SC 
and LC groups (p = .005) and the SHC and LC groups (p = .011) were statistically significant. 
Both the SC and SHC groups had statistically significantly greater knowledge transfer success 
than the LC group. 
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Table 8 
ANOVA of Knowledge Transfer 
 

Sources SS df MS F p 
 

Between groups 2.98 2 1.49 3.35 .045* .138 

Within groups 18.67 42 0.44    

Total 21.64 44     
*p < .05 
 
Table 9 
Post hoc Tukey Test Results for Knowledge Transfer 
 

Sources Types of control 
System control Shared control Learner control 

System control  .20 (.950) 2.20 (.005*, 1.23) 
Shared control -.20 (.950)  2.0 (.011*, 1.12) 
Learner control -2.20 (.005*, -1.23) -2.0(.011*, -1.12)  

 
Discussion 

 
This study was conducted to investigate the effect of task selection approach type for emphasis 
manipulation on knowledge transfer success and cognitive load. Therefore, this study was 
conducted to answer the following research questions: “What are the effects of different task 
selection strategies on learners’ cognitive load during emphasis manipulation sequencing?” 
and, “What are the effects of task selection strategies on knowledge transfer during emphasis 
manipulation sequencing?” 
 
Effects of Task Selection on Learners’ Cognitive Load 
The findings indicated that there were no statistically significant differences in intrinsic 
cognitive load between the SC, LC and SHC groups. Intrinsic cognitive load is determined by 
the complexity of the content being learned, such as the number of components to be learned 
and how they interact (Jung, et al., 2016). This finding indicates that there was no statistically 
significant difference in the groups’ prior knowledge or learning experiences and that task 
selection strategies did not have statistically significantly different effects on intrinsic cognitive 
load.  
 
The results revealed that the system-controlled approach to emphasis manipulation was the 
most effective in reducing extraneous cognitive load and enhancing germane cognitive load. 
In contrast, the learner-controlled approach to emphasis manipulation produced the highest 
extraneous cognitive load and the lowest germane cognitive load. Because working memory 
capacity is limited (Sweller, 1988), reducing extraneous cognitive load is an important part of 
increasing germane cognitive load. Related research has shown increasing germane cognitive 
load can help learners secure more cognitive space for acquiring complex skills (Jung et al., 
2019; Paas & Sweller, 2012; Renkl & Atkinson, 2003). The findings suggested that the system-
controlled approach to emphasis manipulation effectively decreased unnecessary cognitive 
load by providing learners essential learning tasks based on their prior knowledge. In addition, 
it can be assumed that the learners in the SC group did not experience the expert reversal effect, 
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as redundant information would have been eliminated by this approach (Sweller, 2010). 
However, the learner-controlled approach, which allowed learners to select learning tasks but 
gave them no guidance on necessary learning tasks, seemed to increase cognitive overload. 
These results imply that learners in the LC group experienced difficulty in accurate task 
selection and performed unnecessary learning tasks, potentially leading to extra cognitive 
work. Thus, even though learner control is typically perceived as an instructional approach that 
enhances learners’ motivation (Corbalan et al., 2008), if learners attempt to learn all possible 
constituent components without any guidance about what is most essential, they may 
experience unnecessary cognitive load. 
 
Although previous studies have shown that personalised task selection with shared control 
decreases extraneous cognitive load (Kostons et al., 2020) and increases germane cognitive 
load (Corbalan et al., 2006), the findings of this study were partially consistent with previous 
studies. The results demonstrated that the shared-controlled approach to emphasis 
manipulation is less effective than the system-controlled approach in optimising cognitive load, 
whereas it was more effective than the learner-controlled approach in diminishing extraneous 
cognitive load and increasing germane cognitive load. This study’s results showed that 
personalised advice can help learners with task selection. This effect would likely be stronger 
for novice learners who are less able to accurately assess their own performance and choose 
learning tasks that fit their learning needs than experienced learners (Kostons, van Gog, & Paas, 
2009). 
 
In the meantime, the shared-controlled approach overcomes the difficulty of learner task 
selection compared to the learner-controlled approach by providing information about 
necessary learning tasks (Corbalan et al., 2006). The findings of this study provide evidence 
that a shared-control task selection strategy provides learning tasks that exclude repetitive 
learning tasks based on learner expertise, which may be more effective in controlling cognitive 
load compared to not providing such information. Therefore, this study suggests providing 
personalized learning information should be implemented to support accurate task selection by 
learners in order to support learning success.  
 
Effects of Task Selection on Knowledge Transfer 
In this study, the SC group had the best scores on the knowledge transfer test. The system-
controlled approach emphasised essential learning tasks and excluded redundant learning. The 
findings imply that the learners in the SC group could effectively coordinate and integrate their 
prior knowledge and new information by focusing on learning the tasks in which they were 
weakest. Previous studies have shown that personalised learning based on learners’ expertise 
leads to successful learning (Kalyuga & Sweller, 2005; Salden et al., 2004). This study provides 
empirical evidence that the personalised task sequencing of complex tasks leads to better 
knowledge transfer outcomes. A different study found that giving learners task selection 
opportunities increased their motivation and helped them engage in self-regulated learning 
(Salden et al., 2006). However, in this study, the SHC and LC groups that had control over task 
selection had worse learning outcomes than the SC group, which only had access to the learning 
tasks in which they were the weakest. This result indicates that learners did not have sufficient 
knowledge to select the learning tasks that were the most suitable to their needs. 
 
The findings suggest that a task selection strategy that only provides essential learning tasks in 
consideration of learners’ prior knowledge can effectively lead to success in learning by 
allowing learners to learn only the learning tasks in which they were weakest. Previous 
researchers have recommended using shared-controlled instruction to overcome the limitations 
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of learner-controlled instruction (Corbalan et al., 2006). As shown by the SHC group’s higher 
scores on the knowledge transfer test, providing learners with a list of suggested learning tasks 
based on their expertise appears to eliminate repetitive and redundant learning tasks and 
thereby promote knowledge transfer. This result is partially consistent with the empirical 
evidence that shared control is more efficient than either system control or learner control alone 
(van Meeuwen et al., 2018). Although the findings of this study indicated that the SC group 
had higher scores than the SHC group, given that the SHC group had better transfer scores than 
the LC group, it can be assumed that the task selection strategy of providing learners with a list 
of suggested learning tasks is more effective than not providing any learning information. Thus, 
the findings of this study provide empirical evidence that providing information about essential 
learning tasks can help learners select necessary learning tasks and improves knowledge 
transfer acquisition in contexts that use emphasis manipulation.  
 

Conclusion and Limitations 
 
This study investigated the effects of task selection strategies for emphasis manipulation on 
cognitive load and knowledge transfer. Three task selection strategies for emphasis 
manipulation were tested: system control, learner control and shared control. The system-
controlled task selection approach to emphasis manipulation was found to be the most effective 
in optimising cognitive load and enhancing knowledge transfer. The results were consistent 
with previous studies of how personalised task sequencing focusing on learners’ weaknesses 
can improve learning (e.g. Camp et al., 2001; van Merriënboer et al., 2002). In addition, the 
findings demonstrated that the system-controlled task selection strategy which provided 
necessary learning tasks based on learners’ prior knowledge was effective in eliminating 
redundant information and preventing the expert reversal effect. The shared-controlled task 
selection strategy for emphasis manipulation was also found to be more effective than the 
learner-controlled task selection strategy. These findings revealed that providing learners with 
individualised information about essential learning tasks can help them select necessary 
learning tasks and achieve their learning goals (Corbalan et al., 2006).  
 
In this study, it was hypothesized that allowing learners to select their own learning tasks would 
increase their motivation and improve learning outcomes as a result. However, the LC group 
had the most control over their task selection strategy, but learners did not have sufficient 
expertise to accurately select the most suitable tasks and, as a result, had the worst learning 
outcomes. Taken together, the results indicate that learners should be provided with 
information about how to select learning tasks when they are allowed to do so. Learners should 
be allowed to select learning tasks according to their prior knowledge level. In addition, 
learners should be presented essential information regarding how to select meaningful learning 
tasks. 
 
This study has some limitations. First, the study focused on task selection strategies for 
emphasis manipulation in complex learning contexts. However, there is a need for more 
research on investigating task selection strategies suitable for novice and more experienced 
learners. Second, in this study, we investigated the effects of task selection on cognitive load 
and knowledge transfer. Future research should diversify the dependent variables to include 
motivation, engagement and self-efficacy. Third, this study only had 45 participants in total. 
More data is needed to examine the effects of task selection strategies in emphasis manipulation 
with various domains of expertise.  
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