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Modern-day citizens need to engage in lifelong learning to keep up with a 

continually changing world and its increasing demands on their knowledge and skills. 

This means that they need to identify their own learning needs when they arise, and 

they must be able to respond to them effectively (Binkley et al., 2012). For instance, 

when a new type of computer becomes more widespread and integrated in daily life 

(such as the introduction of smartphones and tablet computers in recent years), 

some people will immediately learn how to use them whereas others will fall behind. 

This latter group will continue to face difficulties whereas the first group will 

experience the benefits of their quick learning when the use of new technology 

becomes essential for keeping up with society. This quick learning is dependent on 

identifying the gaps in your knowledge and skills, and adequately responding to 

them. Both these skills, identifying learning needs and responding to them, are an 

inherent part of task selection, and can prevent people from falling behind in society. 

This example illustrates how important it is to identify gaps in your knowledge 

and skills, and how to use information about these gaps to select new tasks. This task-

selection process is also important in secondary school, where students learn new 

knowledge and skills by practicing many different tasks. Often, the teacher selects 

some tasks that all students have to practice at the same time, which means not all 

students will practice tasks that optimally match their current knowledge and skill 

levels. It could be more useful if students learn how to select practice tasks on their 

own, so their learning would be more adapted to their personal learning needs. 

When they practice tasks that match their learning needs, they can optimize their 

practice time and learn more efficiently than students who practice with tasks that do 

not match their needs. This could be done by providing them with some form of 

guidance, which instructs them on how to identify their current learning needs, and 

how to use this information about their needs to select new tasks. The main research 

aim of this dissertation is to investigate for secondary school students, what the 

effects are of different types of guidance on selecting own learning tasks.  

 

The Task-Selection Process 

Task selections can be based on various factors. Following the main principles 

of the four-component instructional design model (4C/ID-model; van Merriënboer & 

Kirschner, 2018) the task-selection process described in this dissertation focuses on 

difficulty, support and content. After students perform a learning task, their 

performance can be assessed by themselves, a teacher, or a system. This information 

can be used as input to select a following task they should optimally practice with. 

Specifically, performance estimates can be used to determine the difficulty of the 

next task. According to elaboration theory, students can best learn a complex skill by 
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practicing tasks in a simple-to-complex sequence. Thus, students proceed to practice 

a more complex task only after they have mastered a simpler version of it (Reigeluth, 

1999). Similarly, according to the 4C/ID model a student needs to decide how 

effortful the previous task was, and use this as input for the selection of the amount 

of support he or she needs for the upcoming task. Research has shown that this 

perceived effort (i.e., cognitive load) can be regulated by adapting the amount of 

support provided when completing a task (Sweller, Van Merriënboer, & Paas, 1998). 

For instance, beginners should keep cognitive load low by practicing with worked 

examples, whereas completion tasks and regular tasks are more suitable selections 

when their experience increases (Renkl & Atkinson, 2003; Sweller et al., 1998). 

Finally, according to Variation Theory (Marton & Booth, 1997), it is important to 

experience learning tasks in different variations, because this variety helps students 

to differentiate between the different features of the learning tasks (for instance, by 

generalizing different examples of the same task). Students could use Judgments of 

Learning (JOLs; Koriat, 1997) about their future performance to determine whether 

they need to practice with a higher variety of content. Practicing with a variety of 

contents is an important contributor to transfer of learning, because it helps learners 

to construct more general cognitive schemas that can be applied in different contexts 

(Sweller et al., 1998).  

Adapting tasks to the appropriate difficulty level, support level and content for 

individual learners is called adaptive task selection (Camp, Paas, Rikers, & Van 

Merrienboer, 2001; Corbalan, Kester, & Van Merriënboer, 2006). Practicing with tasks 

that are adapted to students’ individual learning needs could improve the quality of 

their practice time by practicing more efficiently. Thus, students are enabled to learn 

more in the same amount of time. These adaptive tasks can be selected for students 

by a computer system, or students can select these tasks themselves. In the latter 

case, they might benefit from guidance that advises them on possible selection 

methods, and this guidance can be provided in several different ways.   

 

Task Selection Guidance 

Task selection guidance often consists of algorithms or procedural rules to 

make adaptive task selections. This procedural guidance provides clear-cut rules for 

selecting new tasks without options to fine-tune the selection using own insights 

(Brand-Gruwel, Kester, Kicken, & Kirschner, 2014; Cagiltay, 2006; Hannafin, Land, & 

Oliver, 1999; Kicken, Brand-Gruwel, & Van Merriënboer, 2008). When procedural 

guidance is provided, students are informed about the learning-task selection rule 

and on how to apply it (Kostons, Van Gog, & Paas, 2012; Taminiau et al., 2013). 

Results of studies on procedural guidance are mixed. Some studies show that 
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participants who selected tasks with procedural guidance scored higher on a final 

domain-specific skills test than the control group (Kostons et al., 2012). Yet, other 

studies suggested that procedural guidance had a detrimental effect on domain-

specific skills performance compared to a control group (Taminiau et al., 2013).  

In contrast to procedural guidance, strategic guidance provides heuristics and 

rules-of-thumb for the selection of tasks, which often stimulates students to think 

about the advice and combine the guidance with their own insights when selecting a 

task (Brand-Gruwel et al., 2014; Cagiltay, 2006; Hannafin et al., 1999; Kicken et al., 

2008). Results from studies on strategic guidance suggest that it could have positive 

effects on the acquisition of (some aspects of) domain-specific skills (Kicken, Brand-

Gruwel, Van Merriënboer, & Slot, 2009; Taminiau, 2013). However, these effects 

varied, as the effect size was sometimes small (Kicken et al., 2009) or the positive 

effects were limited to only some of the measured domain-specific variables 

(Taminiau, 2013).  

One possible factor that might influence the effects of either procedural or 

strategic guidance is conformity to the given guidance. Many studies provide their 

guidance in the form of advice or pre-training, which gives participants the 

opportunity to deviate from the suggested selection method. Students who often 

deviate from the guidance might experience less of the possible benefits it can bring 

to their learning process. Moreover, participants who deviate very often from the 

experimental manipulation become more similar to participants in the control group, 

thus negatively affecting any possible comparisons that might be drawn between 

these groups.  

But what determines whether students follow provided guidance or not? One 

possibility is that conformity is affected by motivation. According to Expectancy-Value 

Theory (Wigfield & Eccles, 2000), students’ motivation is determined by task value 

(how important they feel that performing these tasks is) and self-efficacy (how 

confident they are that they can perform well). Possibly, students with higher task 

value and higher self-efficacy might conform more often, because they find the 

suggested tasks are important for them and they feel confident that they can perform 

the tasks. Students with lower task value and lower self-efficacy might not find any of 

the suggested tasks important enough to try, and they might not feel confident 

enough to challenge themselves when guidance advises to select a more difficult 

task.  

In short, much is still unknown about the effects of different types of guidance 

on the task-selection process. Both procedural and strategic guidance have shown 

mixed effects in previous studies. Furthermore, it is possible that the effectiveness of 
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guidance is affected by students’ conformity to it. In turn, conformity might be 

affected by motivational factors, such as task value and self-efficacy.  

 

Research Questions and Overview of This Dissertation  

The main aim of this dissertation is to investigate the task-selection process 

and different ways to provide guidance during this process. Figure 1 shows an 

overview of the research questions that are used to investigate this aim, and how 

each question is addressed in each of the four conducted studies.   

 

 

Figure 1. Overview of the research questions, and the way the task-selection process 

and all variables are addressed in this dissertation. The variables in each study can be 

read from left to right. 

 

The first research question is: How do secondary school students select tasks? 

(RQ1). The answer to this question provides more insight into possible ways to guide 

this task-selection process. It allows to make a better estimation of the focus points 

on which students need guidance and how to provide that guidance to them.  

The second research question is: What are the effects of different types of 

guidance on task selections? (RQ2). There are various possibilities for the design of 

task-selection guidance, which could have different effects on selecting tasks.  

The third research question is: Do different types of guidance, through 

changing task selections, enhance domain-specific skill acquisition? (RQ3). When 

guidance helps students to select tasks that are adapted to their individual learning 

needs, and if those tasks are different from the ones they would have selected 

without guidance, they will practice more efficiently than they would have done with 

tasks selected without guidance. This more efficient practice time could prepare 
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them better for a domain-specific skills test. The results for this third research 

question will show whether this assumption is valid.  

The fourth research question is: Is conformity to task-selection guidance 

affected by task value and self-efficacy, and does it affect domain-specific skill 

acquisition? (RQ4). The results for this question provide more insight into the 

effectiveness of different types of guidance. Guidance cannot take effect if students 

do not conform to it. In addition, it is possible that students conform differently to 

different types of guidance, and that motivational variables affect how often they 

conform to guidance. These motivational variables are defined as task value and self-

efficacy. 

The first research question is addressed in Study 1 as described in Chapter 2, 

which describes the model for self-regulated learning-task selection (SRLTS) and tests 

it in an exploratory study. Study 1 investigated on which factors (difficulty, support 

and/or content) participants focus when selecting learning tasks, how inaccurate self-

assessments affect task selections, and whether the quality of selections improves 

over time. Participants selected learning tasks from a structured diagram (i.e., a 

matrix that depicted the features of all available tasks in an organized fashion; see 

Figure 2) without task-selection guidance whilst their eye movements were 

measured. 

 

 

Figure 2. The structured diagram from which participants could select tasks in each 

study. Each blue square represents one task. The top white row indicates the various 

difficulty levels, and the grey row indicates the support levels within each difficulty 

level. The content of each task is written in the corresponding square. Note that the 

diagram in Study 1 was equal in structure, but different in appearance from this 

diagram. 
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Study 2 is described in Chapter 3. It addresses research question 2, 3 and the 

first part of research question 4. Study 2 investigates three types of guidance: 

procedural guidance, strategic guidance, and a combination of these two types. The 

first experiment aimed to replicate the results from previous studies on procedural 

and strategic task-selection guidance by comparing the selected difficulty and 

support levels during practice of students who practiced with procedural guidance, 

strategic guidance, and a control group. Participants selected and performed eight 

learning tasks whilst being aided by one of the guidance types. Their domain-specific 

skill acquisition, through final test scores, after practice was also compared. The 

second experiment tested a type of guidance which combined parts of the procedural 

and strategic guidance, called inferential guidance. Both experiments also 

investigated whether conformity to guidance improves domain-specific skill 

acquisition by relating the number of times a student conformed to final test scores.  

Study 3 as described in Chapter 4 addresses research questions 2, 3, and both 

parts of research question 4. It again compared the selected difficulty and support 

levels, and domain-specific skill acquisition through final test scores, of participants 

who studied with or without (inferential) task-selection guidance whilst selecting and 

performing eight learning tasks. It also investigated the relation between conformity 

and domain-specific skill acquisition, as defined by the amount of times students 

conformed and their final test scores. Additionally, conformity was related to task 

value and self-efficacy, which were both measured through a questionnaire at the 

start of the experiment.  

Study 4 as described in Chapter 5 addresses research questions 2, 3, and 4, by 

comparing the guidance and control conditions to a system-control condition, in 

which students practice tasks that a computer system selected for them using the 

same rules as provided by the guidance. Students again practiced with eight learning 

tasks and performed a final test. In addition to the system-control condition, there 

were a learner-control-with-advice condition (which was equal to the inferential-

guidance conditions from the other experiments), and a learner-control-without-

advice condition (which was equal to the no-guidance condition from other 

experiments). This study also investigated the effects of students’ task value and self-

efficacy on conformity, and the relation between conformity and domain-specific skill 

acquisition.  

Chapter 6 contains a summary and critical discussion of the main results. It also 

presents an overview of the limitations, implications and conclusions. 
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Abstract 

Self-assessment and task selection are important self-regulated learning skills for 

secondary school students. More specifically, selecting new tasks based on self-

assessments is very important for them, because teachers are not always present or 

able to select tasks for them individually. However, little is known about the 

processes underlying these self-regulated learning skills, and thus no guidelines exist 

for teaching self-assessment and the selection of subsequent learning-tasks. We 

propose a model for self-regulated learning-task selection (SRLTS) which represents a 

possible pathway for the task-selection process, and which students could use as a 

norm when making task selections. The model could help students to decide what 

possible new tasks might be suitable for their current skill level, based on self-

assessments. The aim of this study is to evaluate to what extent secondary school 

students select learning tasks according to this model, and whether they use self-

assessments to this end. Secondary school students (N = 15) selected learning tasks in 

the domain of genetics from a structured task database. The tasks varied in difficulty 

and amount of support provided (i.e., completion problems vs. traditional problems). 

We used eye tracking, performance estimates, estimates of mental effort, judgments 

of learning, and open questions to gain more insight in what students focus on and 

think about when selecting a task. Results suggest that students roughly follow the 

SRLTS model, but they base their decisions on inaccurate self-assessments. This 

implies that students might benefit from self-assessment and task-selection advice, 

which could provide feedback on self-assessments and stimulate students to use self-

assessment information as input for task selection in the way the model prescribes to 

optimize their learning. 
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Self-regulated learning is becoming more and more important in secondary 

schools (Istance & Dumont, 2010). Insight into self-regulated learning processes 

might shed light on how to improve current instructional methods. Therefore, this 

article focuses on the processes taking place during self-regulated learning. 

Specifically, it focuses on selecting appropriate next learning tasks by using self-

assessments of one’s own prior performance. This is an important skill for secondary 

school students, because they often need to practice many different tasks when 

learning a new skill. For instance, when learning how to solve Mendelian genetics 

problems, students need to study many example solutions and practice many 

different problems with different difficulty levels and different contexts before 

mastering this skill (e.g., Bruner, 1960; Van Merriënboer & Kirschner, 2013). Teachers 

often only select examples and problems for an entire class of students, which means 

students usually do not practice at a level that is most appropriate for them 

individually. In addition, when students are practicing at home for a test, their 

teachers are not present to help them select practice tasks. Hence, it is useful when 

students are able to select appropriate tasks themselves.  

In this article, we will describe a model that shows one way in which students 

could select learning tasks by using self-assessments (note that we define tasks as 

both examples and problems). This model is adapted from Zimmerman’s self-

regulated learning model (Zimmerman, 2002; Zimmerman & Campillo, 2003) and Van 

Merriënboer and Kirschner’s (2013) model for dynamic task selection. We explored 

to what extent secondary school students select tasks according to this adapted 

model. In addition, we will describe the important role of self-assessments for task 

selection, and why it is important for self-assessments to be accurate.  

 

The Self-Regulated Learning-Task Selection (SRLTS) Model 

Most self-regulated learning models include an interaction between 

monitoring processes and controlling actions (Bjork, Dunlosky, & Kornell, 2013; 

Efklides, 2011; Nelson & Narens, 1990; Panadero, 2017; Winne, 2001; Winne & 

Hadwin, 1998; Zimmerman, 2002; Zimmerman & Campillo, 2003). When students 

practice one or more learning tasks, they can monitor (i.e., self-assess) their 

performance and use this self-assessment information to control their next learning 

step. A next learning step could focus on the selection of new learning tasks, aimed at 

practicing a new skill. However, in most models of self-regulated learning, the focus is 

on how students regulate their learning within a task (Loyens, Magda, & Rikers, 

2008). Another line of research that deals with a similar topic is self-directed learning 

(SDL). In these models, the focus is on how students regulate their learning between 

tasks (Loyens et al., 2008).  
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Currently existing SRL models often provide analyses of task aspects and 

problem-solving strategies for specific tasks (Winne & Hadwin, 1998; Zimmerman & 

Campillo, 2003). In addition, the Conditions, Operations, Products, Evaluations, and 

Standards (COPES) model (Winne, 2001; Winne & Hadwin, 1998) includes planning 

for future learning in one of its phases. However, these models do not focus 

specifically on selection of the task itself. Current SDL models focus more on students 

choosing their own goals, but these models do not specifically focus on the process of 

task selection itself either (Loyens et al., 2008). This lack of specificity about the task-

selection process in both research lines makes it difficult for secondary school 

students to use SRL/SDL models for this goal, because they do not specify how self-

assessments might be used for task selection. Thus, there are no practical guidelines 

on how students could select tasks during practice. Studies have shown that students 

do not seem very good at selecting learning tasks themselves without training or 

guidance. For instance, even more accurate self-assessors select the same learning 

tasks as less-accurate students (Kostons, Van Gog, & Paas, 2010).  

To overcome the gap between these two research lines and provide students 

with a norm for effective task selection, we propose an adapted model that focuses 

on the task-selection process from a self-regulated learning perspective. We present 

a model for self-regulated learning-task selection (SRLTS; see Figure 1) describing a 

systematic way in which students could select tasks to develop their knowledge and 

skills. The SRLTS model could help both students when selecting tasks, as well as 

advance current theories on task selection by providing insight in the highly specified 

way in which the task-selection process can occur. This can then be used for adaptive 

task selections, which have been shown to lead to more efficient learning than non-

adaptive task selections (e.g., Corbalan, Kester, & Van Merriënboer, 2008).  

This model shows one possible theory-based elaboration of the task-selection 

process. Students can self-assess their performance on previous tasks (arrow a), 

which includes making performance estimates, mental effort ratings (Paas, 1992), 

and Judgments of Learning (JOLs; e.g., Koriat, 1997). They can compare these 

assessments to standards (arrows c, e, and g, which are described in section 1.3).  
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Figure 1. Model for self-regulated learning-task selection.  

 

Note that the definitions of self-assessment vary on what measures are 

included in self-assessments (see Panadero, Brown, & Strijbos, 2016, for an overview 

of different ways to categorize self-assessments; and De Bruin & Van Gog, 2012, for 

different measures that can be used for self-assessments). We have decided to 

include assessment measures of the process of learning, namely performance 

estimates, mental effort ratings and JOLs. Performance estimates are a common 

component of self-assessments, and mental effort ratings have been shown to be a 

good indicator of cognitive load (Paas, 1992). These measures are qualified as 

retrospective monitoring. JOLs are estimates of future performance, and are qualified 

as prospective monitoring (Baars, Vink, Van Gog, De Bruin, & Paas, 2014). Together, 

these three assessment measures represent different elements of the learning 

process, they are all task-specific measures, and they are all aimed at providing input 

for future improvements. This is similar to the definition of self-assessments by 

Andrade (2010). We have defined self-assessment as the process by which students 

make judgments, based on a set of criteria, about their performance on previous 

learning tasks and the resulting outcomes (Boud & Falchikov, 1989). In this definition, 

self-assessment is regarded as a part of the monitoring process (Bjork et al., 2013; 

Nelson & Narens, 1990), although it can be argued that the two terms are different. 

For instance, self-assessment can also be considered as an overall statement about a 

certain skill level in general, in which case self-monitoring is considered as an 

assessment after individual tasks (Eva & Regehr, 2011). Regardless of the name, a 

moment-to-moment assessment is considered to be more accurate than a global 

judgement (Eva & Regehr, 2011). In the current study, we decided to stay in line with 

most other studies on self-assessment and task selection by using the term self-
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assessment for the assessment of individual tasks (e.g., Kicken, Brand-Gruwel, Van 

Merriënboer, & Slot, 2009; Kostons, Van Gog, & Paas, 2010, 2012; Taminiau et al., 

2013). 

Self-assessments are a crucial part of self-regulated learning (Andrade, 2010; 

Panadero & Alonso-Tapia, 2013). It is therefore important for self-assessments to be 

accurate (Brown, Andrade, & Chen, 2015; Brown & Harris, 2014; Panadero et al., 

2016). When self-assessments are inaccurate, this leads to errors in the next steps of 

the self-regulated learning process (Brown & Harris, 2014). Both over- and 

underconfidence can negatively impact the accuracy of self-assessments (Dunlosky & 

Rawson, 2012). However, many studies have shown that accurately assessing 

themselves is often difficult for students (e.g., Brown et al., 2015; Panadero et al., 

2016). The accuracy of self-assessments depends on many factors, including expertise 

(novices are less accurate than experts; e.g., Dunning, Johnson, Ehrlinger, & Kruger, 

2003) and having clear self-assessment criteria (Panadero et al., 2016). These criteria 

can be externally imposed, for instance, by a teacher, or they can be internally 

imposed by the students themselves in the form of internal standards (Andrade & Du, 

2007; Panadero & Alonso-Tapia, 2013). Note that these internal standards can be 

different from externally imposed standards (Andrade & Du, 2007). By comparing 

self-assessment information and standards, students can control task selection (arrow 

b) by determining the difficulty and support levels as well as the contents of suitable 

tasks. Gradually increasing difficulty levels is necessary for acquiring the desired skill 

in a so-called ‘spiral curriculum’ (Bruner, 1960). Within a difficulty level, tasks with 

varying levels of support can provide different amounts of cognitive load. Tasks with 

different levels of support include worked examples, in which both a problem 

statement and all the worked-out solution steps are provided to the learner, and 

completion problems, in which a problem statement is provided but only part of the 

solution is worked out. Traditional problems only provide problem statements and, 

thus, offer hardly any support (Sweller, Van Merriënboer, & Paas, 1998; Van 

Merriënboer & Kirschner, 2013).  

At each level of difficulty, beginning students should benefit most from 

studying a worked example, because worked examples should direct their attention 

to the problem states and solution steps, and thus should result in low cognitive load 

(also known as the ‘worked example effect’; Sweller et al., 1998). More advanced 

students should benefit more from completion problems, which should stimulate 

students to study the solution steps more carefully than with worked examples. 

Students cannot complete the solution if they do not understand the given steps 

(known as the ‘completion problem effect’; Sweller et al., 1998). Finally, when the 

students are experienced, traditional problems should be most suitable as they allow 
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students to perform all solution steps themselves (Newell & Simon, 1972; Van 

Merriënboer & Kirschner, 2013). This fading of task support through problem types at 

one level of task difficulty is also known as ‘scaffolding’ (Renkl & Atkinson, 2003). It 

reflects the idea that instructional methods that work well for novice learners are 

different from methods that work well for more experienced learners. Specifically, 

students who just start to work on a particular difficulty level should benefit from 

high support such as given by worked examples, while this can be detrimental for 

more experienced students who profit more from traditional problems (known as the 

‘expertise reversal effect’; e.g., Kalyuga, Ayres, Chandler, & Sweller, 2003).  

 

Development of the SRLTS Model 

The basis for the design of the SRLTS model were Zimmerman’s self-regulated 

learning model (Zimmerman, 2002; Zimmerman & Campillo, 2003) and Van 

Merriënboer and Kirschner’s (2013) model for dynamic task selection. We adapted 

the cyclical path from Zimmerman’s model into the SRLTS model, because it provides 

a highly adaptable model base for self-regulated learning. We made an adaptation 

into a specific model for learning-task selection, because Zimmermann’s basic cycle 

does not specify which factors could be important for learning-task selection. 

Similarly, we based the SRLTS model on the model for dynamic task selection (Van 

Merriënboer & Kirschner, 2013), because it accounts for many factors that are 

important for learning-task selection. However, this model was originally designed as 

a selection model to be used by teachers. Thus, we transformed it into a self-

regulated learning model, which represents the selection process when students 

make task selections themselves.  

 Two factors that we added to the SRLTS model that are not explicitly specified 

in Zimmerman’s self-regulated learning model, and Van Merriënboer and Kirschner’s 

model for dynamic task selection are standards, and a link between JOLs and content 

selection. Standards resemble a central part of the COPES model (Winne, 2001; 

Winne & Hadwin, 1998). We added this to stress, just like the COPES model does, 

that calibration should be optimal to ensure that the self-regulated learning process 

runs effectively (Winne, 2004). This means that self-assessments need to be accurate 

to ensure that the task selections are based on correct information, because only 

then can the task selections be effective. Finally, we added content selection based 

on an evaluation of variability over previous tasks, because learning-task selection 

often includes content options that make it possible to work on a highly varied set of 

tasks. These facilitate generalization and abstraction, and thus transfer of learning 

(Sweller et al., 1998). We linked content selection to JOLs, because JOLs affect task 

selections (Bjork et al., 2013; Metcalfe & Finn, 2008) and can be phrased to focus on 
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similar content on subsequent tests (e.g., Baars, Visser, Van Gog, De Bruin, & Paas, 

2013).  

 

The SRLTS Model in Action 

Students can use the SRLTS model as a normative model to decide what might 

be a suitable next task, based on their self-assessments. The model shows them the 

path they could follow to select a task that matches their current skill level. Students 

can follow this cycle each time they want to select a next task.  

To choose the difficulty level of a next task in the SRLTS model, students can 

first estimate their performance from the last task they performed. Performance 

estimates are then compared to the internal performance goals set for the task 

(arrow c), which indicate the desired learning outcome. Students could use the 

distance between the current performance state and the goal state to choose a 

difficulty level for the next task (e.g., Locke & Latham, 1990; Zimmerman & Campillo, 

2003). When the performance estimates are equal to or higher than the goal, the 

student could select a task with a higher difficulty level. On the other hand, if 

performance is lower than the goal, the student can select tasks with the same or an 

easier difficulty level. Students might go to an easier level when the goal is still very 

far away. On the other hand, if they are very close to the goal, they could choose to 

repeat the same level (arrow d).  

Similarly, students can use mental effort ratings to choose the support level of 

the new learning task (Van Merriënboer & Kirschner, 2013). They can compare their 

current level of invested mental effort to the acceptable internal standard for 

cognitive load (arrow e). Students can reduce high load by selecting a task with more 

support, such as by moving from a completion assignment to a worked example or 

from a traditional task to a completion problem. Students can increase the cognitive 

load by selecting a task with less support, such as by moving from a completion 

assignment to a traditional problem or from a worked example to a completion 

assignment. This way, students can regulate support to match their current needs 

(arrow f; Paas, Renkl, & Sweller, 2003; Renkl & Atkinson, 2003; Sweller et al., 1998). 

Similar to choosing a difficulty level, students could decide to repeat a support level 

when they have experienced moderate mental effort and would like practice more 

with the same support level. When combining the levels, students might also choose 

to increase or decrease a level and keep another level constant.  

Finally, students might also choose between tasks with different contents. It is 

important to practice with a high variability of contents to cover as much as possible 

of the learning domain (arrow g). This is known as the ‘variability principle’ (Sweller 

et al., 1998). Practicing varied tasks in different contexts increases the ability to 
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recognize essential task elements in new contexts (Paas & Van Merriënboer, 1994; 

Sweller et al., 1998; Van Merriënboer & Kirschner, 2013) which benefits the transfer 

of learning. Students can use JOLs to determine content variability, and use this for 

content selection (arrow h). Variability can be low if the content variability of the 

tasks students can select from is low, or when students do not utilize the full range of 

available content due to limited personal interests. JOLs can indicate this by asking 

students if they could perform similar tasks on a future test. If they feel they cannot, 

they should increase content variability to increase transfer.  

Since most students are not very good at assessing themselves (e.g., Brown et 

al., 2015; Panadero et al., 2016), the model could also be used for the design of self-

assessment and task-selection advice. When students do not master the skills that 

are required to follow the pathways described in the model, they might benefit from 

guidance to help them acquire those skills. Studies on advice for task selection are 

described below.  

 

Supporting the Task-Selection Process 

There are two options for students to acquire the self-assessment and task-

selection skills as described in the SRLTS model. First, it is possible to provide 

guidance to support the acquisition of these skills. Previous studies on guidance for 

self-assessment and task-selection skill development have shown mixed results. 

Specifically, modeling by a teacher of self-assessment and task-selection skills can 

lead to higher performance, but not always more than mere practice (Kostons et al., 

2012; Van Gog, Kostons, & Paas, 2010). Also, providing task-selection advice might 

even hamper the learning of task-selection skills (Taminiau et al., 2013). On the other 

hand, results from other studies do suggest that self-assessment skills can be 

improved through guidance (e.g., Andrade, 2010; Panadero & Alonso-Tapia, 2013), 

and that task-selection advice could improve task selections (Kicken et al., 2009). 

Together, these results suggest that guidance for self-assessment and task selection 

could be helpful, but might not always be necessary for the acquisition of these skills. 

According to the SRLTS model, students would not need guidance if they already base 

their task selection on all three relevant task characteristics in the model, which are 

difficulty, support, and content. Second, students could improve through practice 

(such as distributed practice, e.g., Cepeda et al., 2009). Students might master the 

cyclical path in the SRLTS model by simply repeating it several times. If this were the 

case, students would not need guidance to learn task-selection skills, which could 

also explain the mixed results from task-selection guidance studies mentioned above.  
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This Study 

The goal of the current study is to evaluate the SRLTS model by investigating 

whether students follow the cyclical path described in the model, and whether their 

self-assessments are accurate or not. Earlier studies have uttered a need to yield 

objective information on which factors students take into account when selecting 

tasks, for instance by studying the task-selection process with process measures such 

as eye tracking (Corbalan et al., 2008; Corbalan, Kester, & Van Merriënboer, 2009b). 

The current study is the first to do this and to investigate task selection and self-

assessment with eye tracking as a process measure.  

The first research question is (RQ1): Do secondary school students take 

difficulty, support and content into account when selecting learning tasks without 

guidance? The answer to this question will help to evaluate the cyclical path from the 

SRLTS model. Furthermore, results could indicate whether students need guidance 

for learning-task selection.  

 As mentioned above, the accuracy of self-assessments is important for 

adequate self-regulated learning. Inaccurate self-assessments can lead to suboptimal 

task selections. For example, students might select a task that is too difficult for them 

if they have incorrectly self-assessed their performance as high. Previous studies have 

shown that students often do not make accurate self-assessments (e.g., Brown et al, 

2015; Dunning et al., 2003; Panadero et al., 2016). Hence, the second research 

question is (RQ2): How do inaccurate self-assessments influence task selections?  

Finally, it might be possible for self-assessment accuracy and task selections to 

improve through mere practice. Boud and Falchikov (1989) suggest that more 

research is needed before statements can be made about the improvement of self-

assessments over time; especially in the context of task selection, such improvements 

have not been studied before. However, the possibility of self-assessment accuracy 

and task-selection improvement over time could have implications for potential task 

selection and self-assessment guidance. If students improve over time through 

practice alone, they might not need guidance for this process. Therefore, the third 

research question is (RQ3): Does the quality of self-assessments and unsupported 

task selections improve over time?  

 

Method 

Participants 

Participants were 15 students from Dutch higher general and pre-university 

secondary schools (Mage = 13.93, SD = 1.49 years; 8 females), recruited through local 

advertisements. Participation in this experiment was voluntarily and extra-curricular. 
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Participants gave informed consent. Each participant received a gift certificate of €10 

at the end of the experiment.  

 

Measures and Materials 

Genetics tasks. Participants studied tasks in the domain of genetics and had to 

determine genotypes (i.e., the expression of a particular trait needed to be 

determined from the hereditary characteristics of the parents). The tasks focused on 

various parent characteristics, such as eye color, hair type, and several diseases and 

syndromes. Each task required participants to determine the genotype of one or two 

descendants from the task description by following five steps: (1) determine the 

genotypes, (2) make a family tree, (3) determine the number and direction of the 

contingency tables, (4) fill in the contingency tables, and (5) choose the right answer 

from the contingency tables. These steps had to be completed for each task in this 

order, thus providing a clear start and end for each task. See the Appendix for an 

example of a task. Each correctly performed step received one point, with a 

maximum of five points per task.  

Task database. The table in Figure 2 displays 75 genetics tasks. Participants 

selected tasks from this table on a computer screen. The 75 tasks were divided over 

five difficulty levels and, within each difficulty level, three support levels, as indicated 

by different columns and colors. Difficulty varied on four factors. First, the number of 

generations present in a task varied with the different levels. Tasks on the higher 

difficulty levels involved more generations. Second, participants had to determine 

one genotype on the lower four levels, and two genotypes on the highest difficulty 

level. Third, the easiest tasks only had one right answer, while the more difficult tasks 

had multiple possible answers. Participants needed to find all possible answers to 

score the maximum amount of points on those tasks. Finally, the easiest tasks only 

required deductive reasoning to find the right solution. Tasks on the third level 

required inductive reasoning, and the most difficult tasks required both types of 

reasoning.  

The top row in Figure 2 indicates the five difficulty levels. Three different types 

of support were present within each difficulty level. The most left columns (which are 

labeled “½ done, ½ yourself”) represented completion problems for which half of the 

solution was already worked out. Steps 1 and 3 were fully completed, and steps 2 and 

4 were half completed; thus, participants themselves needed to perform half of steps 

2 and 4 as well as step 5. The tasks in the middle columns represented completion 

problems where a quarter of each task’s solution was worked out. This means 

participants had to perform half of steps 1, 2 and 3, as well as steps 4 and 5. The tasks 

in the most right columns (which are labeled “Everything yourself”) represented 
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traditional problems in which participants had to perform all five steps. For each 

difficulty and support level, participants could choose from different contents. Each 

participant selected and performed eight of these tasks. All tasks and the task 

database were derived from Corbalan, Kester, and Van Merriënboer (2008, 2009a, 

2009b, 2011), Kostons et al. (2010, 2012), and Van Gog et al. (2010). 

 

 

Figure 2. Visual representation of the set of 75 tasks. Participants used this table to 

select eight tasks. The top row indicated the five difficulty levels and the different 

columns represented the different support levels (cf. Corbalan et al., 2008, 2009a, 

2009b, 2011; Kostons et al., 2010, 2012; Van Gog et al., 2010). 

 

Reasons for task selection. Participants wrote down their reasons for selecting 

each task. Their answers were categorized by determining whether a selection was 

based on content (i.e., the varying parent characteristics), difficulty level, or support 

level. For some answers, more than one category applied. One example of an answer 

from the category of content was “[I want] to do as many different topics as 

possible”. An example answer from the category of difficulty was “I found the 

previous task rather difficult, so I thought it would be wiser to do a task that is a little 

bit easier again”. An example answer that was coded as support was “I chose the 

color blue [= low support] because I thought I could do some of it without a lot of 

help, but might still need some help”. Actual task selections were also considered 

when coding the answers. For instance, when a participant wrote down that s/he 

selected a more difficult task than the previous one, but s/he switched from a task 

with low support to a task with no support, this was coded as a reason referring to 
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support. So, when the written answer and the actual selection were different, the 

answer was coded based on the actual selection of a new task. 

Performance estimate. Participants answered the question “Indicate how 

many steps you think you performed correctly on the task” on a scale ranging from 

“zero steps” to “five steps”. The answers indicated how participants estimated their 

own performance. 

Mental effort rating scale. Mental effort was measured with the question: 

“How much effort did this task cost?” Participants answered this question on a 9-

point scale, ranging from “very, very low mental effort” to “very, very high mental 

effort” (Paas, 1992). The answers indicated participants’ perceived mental effort for 

each task. 

Judgments of learning (JOLs). Participants answered the following question: 

“How many steps do you think you could solve on a similar task on a test?” on a scale 

ranging from “zero steps” to “five steps”. Note that this question focused on solving 

similar tasks, and not the exact same task that students just finished. The answers to 

this question were compared to the estimates of current performance to check if 

they would be different. 

Self-assessment accuracy. This measure indicated on a scale from -5 to 5 how 

accurate participants were at estimating their own performance. Median self-

assessment accuracy was calculated by first subtracting the actual performance score 

from the performance estimate for each participant. A median score of 0 indicated a 

correct estimate; a negative score indicated underestimation, and a positive score 

indicated overestimation.  

Estimated performance change. Estimated performance change indicated on a 

scale from -5 to 5 if participants believed they would do better or worse on a future 

test, compared to their current performance. Median estimated performance change 

was calculated by subtracting the performance estimates from the JOLs for each 

participant. A change score of 0 indicated that participants thought their future 

performance would be the same as their current performance, a positive score that 

their future performance would be higher than their current performance, and a 

negative score that their future performance would be lower than their current 

performance.  

Eye tracker. A Tobii 1750, with a screen size of 17 inch and a 50 Hz rate, 

measured participants’ eye movements while they were selecting a task from the 

database as depicted in Figure 2. The eye movements indicated whether participants 

took difficulty levels or support levels into account when selecting a task (Holmqvist 

et al., 2011). Fixation durations and times to first fixation were calculated for each 

separate difficulty level and for each separate support level. Fixation durations 
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indicated how long a participant fixated on a certain difficulty or support level. Times 

to first fixation indicated the time until the first fixation in a difficulty or support level.  

 

Differences Over Time 

Data from all measures were split into the first four task selections (early 

selections) and the final four selections (final selections) to gain more insight in how 

the task-selection process develops. We split the tasks in two groups of four to have 

an even distribution. The differences between early selections and final selections 

were analyzed with Wilcoxon-signed rank tests.  

 

Procedure 

Participants completed the experiment individually. First, they listened to a 

short verbal explanation on the topic of the learning environment (i.e., genetic 

problem-solving tasks) and they were told that they would have to select and 

perform eight tasks. Next, they selected the first task from the database presented on 

the computer screen and gave their reason for selecting that task by writing down 

their answer on the answer sheet. After performing the task on paper, they answered 

questions about their estimated performance, invested mental effort, and JOLs on 

the computer. Participants repeated this procedure eight times without a time limit. 

Mean time spent on the experiment was 1 hour and 4 minutes (M = 64.50 minutes; 

SD = 14.08).  

 

Results 

Research Question 1: Do Secondary School Students Take Difficulty, Support and 

Content Into Account When Selecting Learning Tasks Without Guidance? 

To answer the first research question, we asked participants to give their main 

reason for selecting a particular task. Table 1 shows the categories for different 

reasons for task selections. All 15 participants made eight task selections, but one 

participant did not answer this question twice, leading to a total response number of 

118. All answers were coded by two raters. The single measure intraclass correlation 

coefficients were .98 for content, .95 for difficulty level, and .84 for support level. 

Disputes were solved through discussion.  

Participants indicated that they based a median of 6.00 selections out of 8 on 

content, 2.00 selections out of 8 on difficulty level, and 1.00 selections out of 8 on 

support level, with some overlap in the different categories (i.e., one selection could 

be assigned to multiple categories). Moreover, out of all 118 selections that were 

made, only 2 selections were based these on all three categories (i.e., content, 

difficulty and support).  
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Table 1. Reasons for task selection, categorized by content, difficulty level and 

support level. 

Category Median number of selections 

per participant out of a total of 

8 selections 

Content 6.00 

Difficulty level 2.00 

Support level 1.00 

Random selection 0 

Note. More than one category could apply to a given reason. 

 

Research Question 2: How Do Inaccurate Self-assessments Influence Task 

Selections?  

 To answer the second research question, participants’ mean performance 

scores, mean performance estimates, and mean JOLs were calculated per task. The 

median performance score was 2.63 steps correct (range is 0 to 5 steps). The median 

performance estimate was 3.63 steps correct (possible range is 0 to 5 steps). The 

median JOL was 3.75 steps (possible range is 0 to 5 steps). Median self-assessment 

accuracy was (2.63 – 3.63 =) -1 step. This suggests that participants on average 

overestimated their own performance by one step out of five. This difference 

between the actual performance scores and the performance estimates was 

significant, z = -2.70, p = .01, r = -0.49. Median estimated performance change was 

(3.75-3.63=) 0.12 steps. This suggests that participants on average did not indicate 

that their performance would increase or decrease in the future. This difference 

between the JOLs and the performance estimates was not significant, z = -0.98, p = 

.33.  

Furthermore, we compared participants’ actual selections to the SRLTS model-

based selection, which were calculated with participants’ actual performance scores 

(note that participants could only use their own performance estimates). The SRLTS 

model-based selection was calculated in the following way: A low actual performance 

score (0 or 1 points out of 5) meant that participants should have chosen a lower 

difficulty level. A medium score (2 or 3 points) meant that participants should have 

remained at the same difficulty level. A high score (4 or 5 points) meant that 

participants should proceed to a higher difficulty level. Similarly, the mental effort 

ratings were used to calculate the support level participants could have chosen if they 

had followed the SRLTS model. According to the SRLTS model, a low rating (1, 2 or 3 
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points) would prescribe a task with less support, a medium rating (4, 5 or 6 points) 

would prescribe that participants should remain at their current support level, and a 

high rating (7, 8 or 9 points) would prescribe that participants should choose a task 

with more support (see Table 2). Results from this comparison suggest that 

participants deviated more than half a difficulty level (Mdn = 0.57) and more than 

half a support level (Mdn = 0.57) from the SRLTS model-based selections. This means 

that participants selected difficulty and support levels that, on average, were 

different by about half a level from the levels that the model prescribed.  

 

Table 2. Coding scheme for calculations of scores into selections based on the SRLTS 

model. 

Score SRLTS model-based selection 

0 or 1 steps performed correctly on a 

learning task 

Go to a lower difficulty level 

2 or 3 steps performed correctly on a 

learning task 

Remain at the same difficulty level 

4 or 5 steps performed correctly on a 

learning task 

Go to a more difficulty level 

Mental effort rating of 1, 2 or 3 points Go to a level with less support 

Mental effort rating of 4, 5 or 6 points Remain at the same support level 

Mental effort rating of 7, 8 or 9 points Go to a level with more support 

 

Research Question 3: Does the Quality of Self-Assessments and Unsupported Task 

Selections Improve Over Time? 

Performance score. Median performance score for the first four tasks (early 

selections) is 2.50 steps correct. Median performance score for the final four tasks 

(final selections) is 2.75 steps correct. There was no significant difference on 

performance score between early and final selections, z = -1.51, p = .13.  

Performance estimate. There was a significant difference between early 

selections (Mdn = 3.50 steps) and final selections (Mdn = 3.75 steps) for the 

performance estimates, z = -2.49, p = .01, r = -0.45. This suggests that participants 

estimated their performance significantly higher on the final four tasks than on the 

first four tasks.  
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Judgments of learning (JOLs). Median JOL for early tasks is 3.50 steps. Median 

JOL for final tasks is 3.75 steps. There was no significant difference between early and 

final selections for JOLs, z = -1.59, p = .11.  

Mental effort. There was a significant difference in mental effort scores 

between early task selections (Mdn = 4.75) and final task selections (Mdn = 4.25), z = 

-2.24, p = .03, r = -0.41. This suggests that participants rated their mental effort 

scores as significantly higher for the first four tasks than for the final four tasks.  

Self-assessment accuracy. Median self-assessment accuracy for early tasks is 

(2.50 – 3.50) = -1 step, z = -2.68, p = .01, r = -0.49. Median self-assessment accuracy 

for final tasks is (2.75 – 3.75 =) -1 step, z = -2.40, p = .02, r = -0.44. There was no 

significant difference between the overall self-assessment accuracy scores for early 

and final selections, z = -0.91, p = .36.  

Estimated performance change. Median estimated performance change for 

early tasks is (3.50 – 3.50 =) 0 steps, z = -1.77, p = .08, r = -0.32. Median estimated 

performance change for final tasks is (3.75 – 3.75 =) 0 steps, z = -0.18, p = .86. There 

was no significant difference between early and final task selections for estimated 

performance change, z = -1.19, p = .23.  

Fixation duration. Figure 3 shows the fixation durations for the different 

difficulty levels. Fixation duration was significantly different between early task 

selections (Mdn = 6.34 sec) and final task selections (Mdn = 3.24 sec) for difficulty 

level one, z = -2.50, p = .01, r = -0.46. Fixation duration was also significantly different 

between early task selections (Mdn = 7.57 sec) and final task selections (Mdn = 4.53 

sec) for difficulty level two, z = -2.33, p = .02, r = -0.43. The difference between early 

and final selections was not significant for difficulty level three, z = -0.68, p = .50, 

difficulty level four, z = -0.40, p = .69, and difficulty level five, z = -0.63, p = .53. This 

suggests participants fixated longer on difficulty levels one and two during the early 

selections than during the final selections. 
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Figure 3. Mean fixation duration in seconds for difficulty levels, split for early and 

final selections. Error bars represent one standard error of the mean (SEM). 

 

Figure 4 shows the fixation durations for the three support levels. Fixation 

duration was significantly different between the early task selections (Mdn = 2.01 

sec) and the final task selections (Mdn = 1.12 sec) for the low support level, z = -2.61, 

p = .01, r = -0.48. Fixation duration was not significantly different for the high support 

level, z = -1.59, p = .11, and the no support level, z = -1.36, p = .17. This suggests 

participants fixated longer on the low support levels during the early task selections 

than during the final task selections. 

 

 

Figure 4. Mean fixation duration in seconds for the support levels, split for early and 

final selections. Error bars represent one SEM. 
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Time to first fixation. Figure 5 shows the times to first fixation for the five 

difficulty levels. Time to first fixation was significantly different between the early 

task selections (Mdn = 17.20 sec) and the final task selections (Mdn = 5.13 sec) for 

difficulty level four, z = -2.33, p = .02, r = -0.43. The differences in time to first fixation 

between early task selections (Mdn = 23.93 sec) and final task selections (Mdn = 

12.04 sec) was marginally significant for difficulty level five, z = -1.76, p = .08, r = -

0.32, and not significant for difficulty level one, z = -0.41, p = .68, difficulty level two, z 

= -0.97, p = .33, and difficulty level three, z = -1.19, p = .23. This suggests participants 

fixated faster on the higher difficulty levels (four and five) during the final task 

selections than during the early task selections.  

 

 

Figure 5. Mean time to first fixation for difficulty level, split by early and final 

selections. Error bars represent one SEM. 

 

Figure 6 shows the times to first fixation for the three support levels. The 

differences between early task selections and final task selections were not 

significant for the high support level, z = -1.08, p = .28, the low support level, z = -

0.40, p = .69, and the no support level, z = -1.42, p = .16.  
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Figure 6. Mean time to first fixation for support level, split by early and final task 

selections. Error bars represent one SEM. 

 

Discussion 

The current study investigated in an explorative experiment the task selection 

behavior of secondary school students, and the role of self-assessments in this 

process. With regard to the first research question (RQ1), our findings suggest that 

only a very small amount of task selections took the difficulty level, support level and 

contents of the tasks into account. Students based most task selections on content 

only, and sometimes include difficulty and/or support level in their decision. 

Furthermore, the reasons for making content selections were almost always 

unrelated to content variability. Only one participant indicated that she wanted to 

practice with as many different topics as possible. All other reasons for content 

selections were based on personal interest, mostly by indicating that a certain topic 

seemed fun or interesting.  

These results support other studies that based task-selection advice on similar 

ideas (Kicken et al., 2009; Kostons et al., 2010; Taminiau et al., 2013; Van Gog et al., 

2010). In these studies, the four-component instructional design (4C/ID) model (Van 

Merriënboer & Kirschner, 2013) was used to design the structure of the task 

databases and to design advice on task selection, and the results were mixed. 

Specifically, studies in which modeling examples provided the advice were successful 

in helping students to acquire these skills (Kostons et al., 2012; Van Gog et al., 2010). 

However, other studies in which the advice was provided on-demand in textual form 

(Taminiau et al., 2013) or through supervision meetings and electronic portfolios 

(Kicken et al., 2009) were less successful.  
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Our findings regarding the second research question (RQ2) show that students 

in this sample are inaccurate in self-assessing their performance. They overestimated 

their current performance, and they did not seem to expect changes in their future 

performance compared to their current performance. Actually, our results suggest 

that asking for JOLs does not have additional benefits to asking for performance 

ratings, because the difference between these measures was 0 in 74.17% of all cases, 

which means participants gave the same estimate for actual performance and JOL on 

nearly 75% of all tasks. Our findings are in agreement with other studies reporting 

that (unguided) self-assessments are of low quality (e.g., Boud & Falchikov, 1989; 

Dunning et al., 2003; Kostons et al., 2010; Panadero & Alonso-Tapia, 2013; Taminiau 

et al., 2013), and that the process responsible for poor self-assessments might also be 

responsible for poor learning-task selection. That is, according to the cue-utilization 

approach, different cues have different effects on the accuracy of self-assessments 

(Koriat, 1997). It is possible that the use of inaccurate cues is also responsible for 

poor learning-task selections. For instance, when students wrongly believe they are 

highly skilled at performing genetic tasks, they will estimate their performance too 

high and thus make inaccurate self-assessments. At the same time, they will be more 

likely to choose difficulty levels that are too high for their current skill level. The 

current results confirm this idea, because they suggest that participants in this 

sample tended to choose suboptimal difficulty and support levels compared to what 

the SRLTS model would have prescribed. Possibly, they based these selections on 

their inaccurate self-assessments, thus leading to inaccurate learning-task selections.  

Findings regarding the third research question (RQ3) are mixed. Not many 

changes occurred from early to later self-assessments. Only performance estimates 

seemed to increase slightly, while mental effort ratings tended to decrease. This 

suggests that participants in this sample found the tasks easier after some practice, 

although the actual performance scores did not reflect this. Surprisingly, self-

assessment accuracy and estimated changes in performance did not increase over 

time. This is in line with the finding for research question 2 that participants 

overestimated their current performance: They are also not accurate in predicting 

their future performance. However, this was a short study. It is possible that with 

more training and/or guidance, participants could become more accurate in their 

self-assessments of current and future performance. For eye tracking measures, 

there were some notable differences between early and final task selections. For 

early task selections, participants in this sample fixated longer on easier tasks with 

low support; for final selections, participants focused faster on tasks that are more 

difficult. Thus, participants seemed to show an orientation towards the easier tasks 

for the first selections and towards the more difficult tasks for the final selections. 
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The longer fixations during the early selections might be explained by 

participants trying to familiarize themselves with the task selection table (Figure 2). 

The faster fixations during the final task selections could indicate that participants 

have become familiar with the table and therefore fixate faster on the difficulty levels 

and support levels they want to choose next. The low performance scores 

(participants only performed about half of the five steps correctly) suggest that 

participants focused on the more difficult tasks, even though they were not yet ready 

to perform these tasks. Guidance could accommodate this by adapting the advice at 

different points in time. For example, advice on selecting early tasks could 

incorporate more explanation and guidance about the structure of the task-selection 

table. Advice on selecting later tasks could incorporate performance scores on earlier 

tasks and suggest to students to retry easier tasks when necessary, instead of 

progressing to tasks that are too difficult. 

The shift in attentional focus from easy tasks during the early selections to 

more difficult tasks during the final selections is in a sense surprising, because the 

self-assessments and the reasons given for task selections do not designate such a 

shift. In other words, participants seem to shift their attention to higher difficulty 

levels, while their self-assessments and answers to the open question about their 

reasons for task selection do not indicate why. However, this shift is congruent with 

the other results, which suggested that in some instances, participants did follow the 

selection rules described by the SRLTS model without receiving guidance. This 

suggests that students might be unaware that they base their selections on these 

rules. This is in accordance with the idea that self-regulated learning is sometimes 

based on unknown and unexpected processes (Butler & Winne, 1995; Schraw, 

Crippen, & Hartley, 2006).  

 

Implications 

The results from this study have four implications for the SRLTS model. First, 

students might not consciously consider all factors as specified in the SRLTS model. 

The paths in the SRLTS model for choosing difficulty levels (arrows a, b, c and d in 

Figure 1) and support levels (arrows a, b, e and f in Figure 1) did seem to be followed 

in some of the selections, but students did not seem to decide this consciously. 

Students in this sample usually did take content into account when selecting a task, 

but there were no signs that they followed the content path (arrows a, b, g and h in 

Figure 1). Instead of checking for variability, they based content selections on 

personal interests. Thus, our results have provided a first indication that students can 

sometimes successfully follow the theoretical paths to task selection that the SRLTS 

model describes, but they might benefit from study materials that are more adapted 
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to these specific factors and their paths. Study materials could be adapted to show a 

more clear structure to students (i.e., to have clear difficulty and support levels, and 

provide different contents), and to provide more guidance for the selection of these 

materials. For instance, study materials could include task databases for common 

topics that require practice, such as inheritance tasks, algebra or the laws of physics. 

These databases would need a clear distinction between different contents, difficulty 

levels and support levels; and instructions for the students on how to select these 

three factors through self-assessments. That way, students could select their own 

tasks with content and levels that match their individual competence levels and 

needs. 

Second, self-assessments were inaccurate, which suggests that students made 

suboptimal learning-task selections compared to the selections they could have made 

with correctly estimated performance scores and the SRLTS model. This illustrates the 

importance of making accurate self-assessments, because they are needed to make 

optimal selections about difficulty and support levels of selected tasks. Although 

inaccurate self-assessments might have a positive effect on motivation, realistic self-

assessments are preferred over a falsely-positive view on one’s own abilities 

(Panadero et al., 2016). Thus, students might benefit from self-assessment guidance, 

which could, for example, provide assessment criteria and feedback (Brown et al., 

2015; Panadero & Alonso-Tapia, 2013). Additionally, self-assessment accuracy 

increases with domain-specific expertise (Panadero et al., 2016), which could also be 

stimulated through guidance.  

Third, JOLs do not seem to add any new self-assessment information 

compared to the performance estimates. Students usually gave the same answer to 

both these questions (respectively, the number of steps they believed they currently 

performed correctly, and the number of steps they believed they could perform 

correctly on a similar task on a future test). This illustrates other notions about the 

similarity between JOLs and performance estimates (Baars et al., 2014). Therefore, 

JOLs might either be removed from the SRLTS model, or broadened by asking 

students about their expected future performance on a series of tasks as an 

additional measure next to the single-task performance estimates. Though, these 

results seem to suggest for educational practice that performance estimates for 

single tasks could be sufficient without additional JOLs. Thus, it seems that it might be 

better to focus on improving the accuracy of performance estimates without adding 

other time-consuming measures.  

Fourth, our findings seem to suggest that students could benefit from task-

selection advice and feedback on their self-assessments. Self-assessment feedback 

could help students to obtain correct self-assessment information, which they could 
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then use to select learning tasks. In addition, students could receive task-selection 

advice, which could focus on using self-assessments for choosing difficulty levels, 

support levels, and content respectively. Thus, the SRLTS model could be a guide 

when designing task-selection advice, by using the paths from the model as a basis 

for the advice.  

 

Limitations and Future Research 

A limitation of our study is that the task environment used in the current study 

was very well structured. There were 75 tasks with different difficulty levels, support 

levels and contents. When students practice learning tasks at school or at home, they 

mostly have to work from textbooks and materials provided by their teacher, which 

are often less well structured. Many textbooks and materials do not contain worked 

examples or completion problems, and even if they do, students would need to 

invest more effort than in the current study to unravel the different difficulty and 

support levels during practice. Moreover, we used genetics tasks; hence, it is 

unknown whether these results can be generalized to other domains or other types 

of tasks. Furthermore, the lab setting limited the ecological validity of this study. To 

maintain some level of ecological validity, we only tested secondary school students 

who were able to come to our lab, which unfortunately resulted in a low number of 

participants. Even though small sample sizes are common in studies with process 

measures (e.g., Goldberg & Wichansky, 2003; Jarodzka, Scheiter, Gerjets, & Van Gog, 

2010; Tsai, Hou, Lai, Liu, & Yang, 2012; Wiebe, Minogue, Jones, Cowley, & Krebs, 

2009), further research is urgently needed to replicate these findings with a larger 

sample size and in a real-life setting.  

Another limitation is that the participants did not receive feedback on their 

performance, which might have affected both the actual performance scores and the 

performance estimates. Future studies could therefore incorporate feedback to 

improve the students’ self-assessments and thus investigate how correcting 

inaccurate self-assessments affects task selections. In addition, students in the 

current experiment were not externally motivated to score as high as possible, nor 

did we investigate whether participants’ standards were congruent to our theorized 

standards. Both of these factors could have influenced the results and could be 

investigated in future studies. Moreover, the eye tracking data for the first task 

selection might have been influenced by the participants first trying to familiarize 

themselves with the selection table. Additionally, participants’ viewing strategy might 

become more efficient over time, thus also affecting the data for the last selection. 

Future studies could prevent this by familiarizing participants with the selection table 

before the start of the experiment with unrelated material.  
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 The current study does not yet establish that selecting tasks according to the 

SRLTS model actually leads to higher achievement. Previous studies that used similar 

set-ups suggest clear benefits from this theory-driven combination of factors (e.g., 

Camp, Paas, Rikers, & Van Merriënboer, 2001; Corbalan et al., 2009b, 2011), thus 

giving the model a solid theoretical and empirical foundation. However, evidence for 

this specific model is necessary to warrant further conclusions about this. Future 

studies could investigate how beneficial selecting tasks according to the SRLTS model 

is for learning. In addition, these studies could investigate whether advice on self-

assessment and task selection, such as corrections for inaccurate self-assessments, 

and guidance on the use of self-assessments for learning-task selection, improve this. 

The students in this experiment seemed to have based most of their task 

selections on content only, which suggests that they might benefit from guidance on 

self-assessment and task selection. Future studies could investigate this by designing 

a type of guidance based on the SRLTS model, and measure whether this influences 

task selections and/or domain-specific learning (indirectly through different practice 

tasks). Moreover, future studies could also investigate whether changes over time 

might need to be taken into account when providing guidance. For instance, early 

guidance might need to include more explicit instructions, whereas later guidance 

might phase these out and focus instead on alerting students to incorporate self-

assessment information in their selections. This might help students to better 

understand on which factors they can base task selections and how to do this, and to 

prevent them from progressing to fast to higher levels when they might not be ready 

for this.  

Finally, future research could use process measures like eye tracking and think-

aloud protocols (Ericsson & Simon, 1993) for further investigating the unknown 

processes that underlay self-regulated learning. The combination of eye tracking and 

think-aloud protocols (specifically, cued retrospective reporting) has been shown to 

be an effective method in uncovering metacognitive processes (Van Gog, Paas, Van 

Merriënboer, & Witte, 2005).  

 

Conclusion 

In conclusion, this exploratory study suggests that secondary school students 

are not good at self-assessing their performance, and provides an indication that 

secondary school students therefore might benefit from guidance, advice and 

feedback for reaching better self-assessments. Furthermore, they could benefit from 

guidance to incorporate self-assessment information in their task selections, since 

they do not seem to do this on their own. Future studies could explore different types 

of external feedback and guidance. Furthermore, these results suggest that the SRLTS 
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model could provide rules and structure for task selections that students might not 

exert themselves. The results also provide leads on ways to improve the SRLTS model, 

most notably by investigating the addition of guidance (in the form of advice and 

feedback on self-assessments), and motivation as important factors for task 

selection. Future research will be needed to investigate these potential additions. 

Finally, this study showed differences in task selections over time, despite the short 

duration of the study. Guidance might be adapted to these differences, for example, 

by first giving students advice on how to interpret the database of available tasks and 

then giving them advice on how to self-assess and select tasks from this database. 

Future research should look more deeply into this. 
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Appendix 

Example of a high support task from difficulty level 1, translated from Dutch.  

 

Level 1. Cat fur 

Cats can have nice fur. A gen causes the shape of the stripes on the cat, for which 

rings (C) are dominant over stripes (c). Two cats have a kitten. Both cats are 

homozygote for the characteristics and have rings in their fur.  

 

What is the possible genotype of the kitten? 

 

Step 1: Determine the genotypes. 

A genotype is the information that lies in the genes and consists of 2 alleles (letters). 

The phenotype is how this information is expressed. Two things should be taken into 

account for this: Is it dominant/recessive and is it homozygote/heterozygote? 

Dominant means that if at least one dominant allele is present in the genotype, you 

will always see this characteristic, despite of what else is in the genotype. At least 1 of 

the 2 letters will always be the capital letter. Recessive means that there cannot be a 

dominant allele in the genotype and that the genotype will always consist of two 

small letters. Homozygote means that both alleles are the same (so both have the 

dominant letter, or both are recessive). Heterozygote means that both the dominant 

and recessive alleles are in the genotype. 

 

Parents: Both parents show the dominant characteristic, because they both have 

rings in their fur. Therefore, there must be at least one dominant allele in the 

genotype. Furthermore, it is known that both parents are homozygote, which means 

that both alleles must be the same. Therefore, the genotype for each parent is CC.  

 

Step 2: Make a family tree. 

A family tree is a graphic representation of the genotypes. The parents are all the way 

at the top, below that is the next generation of the children, and below that the 

generation of grandchildren, etc.  
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Step 3: Determine the number and direction of the contingency tables. 

You can reason in two different ways. Deductive means that you know both parents 

and should reason towards the unknown child (from top to bottom in the tree). For 

this, one contingency table is enough. Inductive means that you only know one of the 

parents and the child, but you do not know the other parents. For this, you need to 

reason from bottom to top and you need a separate contingency table for each 

possible combination of the unknown parent (so a maximum of 3).  

 

In this case, you know both parents, so your reasoning is deductive and you only 

need to make 1 contingency table.  

 

Step 4: Fill in the contingency tables. 

First, draw the tables, fill in the parents at the edges and sum up the alleles to get all 

combinations. The first two steps are already done, so now make the combinations 

yourselves.  

 

 

Step 5. Choose the right answer from the contingency tables.  

Compare the answers to the ones you get from the contingency tables and retrieve 

your final answer from there. Mark the correct answer.  

 

What is the possible genotype of the unknown child? 

A. CC 

B. Cc 

C. cc 

D. CC and Cc 

E. CC and cc 

F. Cc and cc 

G. CC, Cc and cc 
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Abstract 

Secondary school students often learn new cognitive skills by practicing with tasks 

that vary in difficulty, amount of support and/or content. Occasionally, they have to 

select these tasks themselves. Studies on task-selection guidance investigated either 

procedural guidance (specific rules for selecting a next task) or strategic guidance 

(general rules and explanations for task selection), but never directly compared them. 

Experiment 1 aimed to replicate these studies by comparing procedural guidance and 

strategic guidance to a no-guidance condition, in an electronic learning environment 

in which participants practiced eight self-selected tasks. Results showed no 

differences in selected tasks during practice and domain-specific skill acquisition 

between the experimental groups. A possible explanation for this is an ineffective 

combination of feedback and feed forward (i.e., the task-selection advice). The 

second experiment compared inferential guidance (a combination of procedural 

feedback with strategic feed forward), to a no-guidance condition. Results showed 

that participants selected more difficult, less-supported tasks after receiving 

inferential guidance than after no guidance. Differences in domain-specific skill 

acquisition were not significant, but higher conformity to inferential guidance did 

significantly predict higher domain-specific skill acquisition. Hence, we conclude that 

inferential guidance can positively affect task selections and domain-specific skill 

acquisition, but only when conformity is high. 
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Students often learn a new cognitive skill, such as solving Mendelian 

inheritance problems, by practicing this on a variety of learning tasks. In traditional 

education, students usually all receive the same instruction and as such, the same 

learning tasks. However, in mastery learning, instruction is adapted to the individual 

needs of each student (Kulik, Kulik, & Bangert-Drowns, 1990). It could thus provide 

different tasks for different students, based on their current learning needs. When 

the learning tasks better fulfill learning needs, domain-specific skill acquisition could 

improve through these enhanced practice opportunities. Hence, it is useful for 

secondary school students to practice with individualized learning tasks. They do not 

seem to be very skillful at selecting these themselves and therefore might benefit 

from task-selection guidance (Bell & Kozlowski, 2002; Brand-Gruwel, Kester, Kicken, 

& Kirschner, 2014). The main aim of the current study is to investigate types of 

guidance that can improve the quality of practice opportunities that students derive 

from task selections and, therefore, domain-specific skill acquisition. The first 

experiment aimed to replicate the effects of two different guidance types from 

earlier task-selection studies (Kicken, Brand-Gruwel, Van Merriënboer, & Slot, 2009; 

Kostons, Van Gog, & Paas, 2012; Taminiau, 2013; Taminiau et al., 2013). We also 

investigate how conformity to guidance influences the effects of guidance. The 

second experiment studies the effects of improved guidance on task selection and 

domain-specific skills.   

 

Task Selection and the Task-Selection Process 

In a learning environment with task selection, students can choose between 

tasks that differ on several factors, such as difficulty, available support, and content 

(e.g., Brusilovsky, 1992; Robinson, 2001; Van Merriënboer & Kirschner, 2018). 

Domain-specific skill acquisition might improve through enhanced practice 

opportunities when students select these factors of each task as described below. 

Regarding difficulty, students could practice complex, cognitive skills according to the 

simplifying-conditions method (Reigeluth, 1999). This method states that each task is 

preferably a whole task (i.e., a task in which all subskills of the complex skill are 

practiced at the same time). Students start practicing with the simplest version of this 

task, and gradually progress to more complex tasks after sufficiently mastering each 

simpler version. This continues until they have mastered the most complex version of 

the task, under the assumption that they then have mastered all possible varieties of 

complexity that they might encounter in real life (Reigeluth, 1999; Van Merriënboer 

& Kirschner, 2018).  

Similarly, students could select a support level that suits their current learning 

needs, for instance by decreasing the amount of provided support in sync with the 
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increase in expertise of the students (Renkl & Atkinson, 2003). Students could 

determine this themselves by using experienced cognitive load (i.e., the strain on 

working memory when performing a task; Sweller, Van Merriënboer, & Paas, 1998) 

on a previous task (e.g., Camp, Paas, Rikers, & Van Merriënboer, 2001). For example, 

if the experienced cognitive load is high, students could select a task with high 

support. Vice versa, they could select a low-supported task when the experienced 

load is low (Sweller et al., 1998). A high-supported problem-solving task could be a 

worked example, whereas a low-supported task can be a completion problem (cf. 

Sweller et al., 1998). Thus, students could enhance the quality of their practice tasks 

by first practicing with worked examples, continuing with completion problems, and 

ending with conventional problems to eventually master the full task without support 

(Renkl & Atkinson, 2003). 

Finally, students might enhance their practice opportunities when they 

practice the same skill with different contents, which is called variability of practice. 

This enhances transfer, which means that students can apply the learned skill in new 

contexts that are different from the instructional context (e.g., Detterman & 

Sternberg, 1993; Sweller et al., 1998; Van Merriënboer & Kirschner, 2018).  

To sum up, it is possible for the quality of practice opportunities to improve 

when learners work through tasks in a sequence from simple to complex, receive 

decreasing amounts of support, and work with a variety of contents. Task selections 

that reflect these patterns have been shown to enhance domain-specific skill 

acquisition (Camp et al., 2001; Corbalan, Kester, & Van Merriënboer, 2008; Van 

Merriënboer & Kirschner, 2018).  

 

Task-Selection Guidance 

Task selections could possibly be enhanced when learners are aware on which 

task features they can base their selections. However, previous studies have shown 

that secondary school students rarely consider difficulty and support when selecting 

learning tasks (Kostons, Van Gog, & Paas, 2010; Nugteren, Jarodzka, Kester, & Van 

Merriënboer, 2018). Rather, they mainly select tasks based on their content, and 

hardly any selections are purposely based on all three features described above 

(difficulty, support, and content; Nugteren et al., 2018). Since students show little 

awareness of these selection factors, they might benefit from guidance to help focus 

their attention to these features (Nugteren et al., 2018). Two factors could influence 

the effects of guidance on task selections: The type of guidance and conformity to 

guidance.  

 Previous studies have mostly used either procedural or strategic task-selection 

guidance. Procedural task-selection guidance consists of strict task-selection rules 
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and instructions (Brand-Gruwel et al., 2014; Cagiltay, 2006; Hannafin, Land, & Oliver, 

1999; Kicken, Brand-Gruwel, & Van Merriënboer, 2008). For instance, procedural 

guidance may indicate precisely which difficulty level and support level a new task 

should have, given the performance and/or experienced cognitive load on previous 

tasks, but without possibilities for students to attune the guidance any further to 

their learning needs. On the other hand, strategic task-selection guidance provides 

heuristic rules, which give a less specific task-selection suggestion. For instance, 

strategic guidance can indicate whether the new task should be from a higher or 

lower level of difficulty, but it leaves it to the learners to specify the exact level 

(Brand-Gruwel et al., 2014; Cagiltay, 2006; Hannafin et al., 1999; Kicken et al., 2008).  

Only few studies investigated procedural task-selection guidance (Kostons et 

al., 2012; Taminiau et al., 2013). Their results were mixed, as one study only partially 

found positive effects on domain-specific skill acquisition (Kostons et al., 2012), and 

another even found higher performance in the control group than the procedural-

guidance group (Taminiau et al., 2013). Studies on strategic guidance provided 

participants with generic suggestions on which tasks to select (Kicken et al., 2009; 

Taminiau, 2013), but their positive results were small (Kicken et al., 2009; Taminiau, 

2013). Furthermore, none of these studies made a direct comparison between 

strategic and procedural guidance. 

Besides the type of guidance, another factor that might influence the success 

of guidance is to what extent students conform to guidance. None of the studies 

described above (Kicken et al., 2009; Kostons et al., 2012; Taminiau, 2013; Taminiau 

et al., 2013) forced students to conform to the task-selection rules, which resulted in 

students deviating from them to varying degrees. Overall, low conformity could result 

in lower chances to find significant effects of guidance on task selections and domain-

specific skill acquisition, because participants who deviate from the guidance become 

more similar to participants in the control group. The presented experiments focus 

on both types of guidance and effects of conformation.  

   

Experiment 1 

The first experiment aimed to replicate the findings from previous studies on 

task-selection guidance, and to directly compare procedural and strategic guidance. 

Our first research question is whether guidance can help secondary school students 

to make different task selections than no guidance (Research Question 1a) and 

whether these different task selections improve domain-specific skill acquisition 

(Research Question 1b). Furthermore, we investigate whether higher conformity to 

procedural and/or strategic guidance improves domain-specific skill acquisition 

(Research Question 2). 
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Method 

Participants and design. Twenty-five third-year students from a secondary 

school in the Netherlands participated in this experiment (Mage = 14.40, SD = 0.58 

years; 18 females). We obtained parental consent for all of them, and randomly 

assigned them to one of three conditions: Procedural guidance (n = 7), strategic 

guidance (n = 9), and no guidance (n = 9).  

Materials. Participants completed the experiment within an electronic learning 

environment on computers at their own school, which was specifically designed for 

this experiment. It contained the following elements.   

Tasks and task database. The tasks in this experiment were also used in 

earlier studies on task selection (e.g., Corbalan et al., 2008; Kostons et al., 2010). They 

are genetics problems, and all consist of a problem statement and five solution steps. 

See the Appendix for an example of a task and these solution steps.  

Figure 1 shows the overview diagram from which students selected the tasks. 

The top white row indicates the five difficulty levels, with the first level containing the 

easiest tasks and the final level the most difficult. Support varied with the number of 

worked-out steps, as indicated by the second grey row. On the highest support level 

(left), the answers to the first four steps were given as worked-out steps. On the 

lowest support level (right) participants had to perform all five steps by themselves. 

Different options were available for content, such as eye color and cat fur.   

 

Figure 1. Overview diagram with all the tasks that could be used for practice in this 

experiment (translated from Dutch). Participants used this diagram to select 8 tasks.  

 

Prior-knowledge test. The prior-knowledge test measured the participants’ 

skills at solving these tasks before practice. It consisted of five tasks without support 

with the same five solution steps, but different contents, as the tasks in the database. 
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Two tasks were equal to the first difficulty level, two were from the second difficulty 

level, and one was from the third difficulty level. The electronic learning environment 

automatically scored the answers. Each correctly performed step could earn 1 point, 

leading to a maximum score of 5 points per task, after which we calculated a mean 

score for all five tasks. Participants could not skip answers and did not receive 

information about the correct answers. 

Domain-specific skills test. Five tasks measured domain-specific skills after 

practice. These tasks required the same solution steps as the tasks from the 

database, but their contents were different. Each of the five tasks represented one of 

the difficulty levels. The electronic learning environment automatically scored the 

answers. Each correctly performed step gave 1 point, leading to a maximum score of 

5 points per task, after which we calculated a mean score for all five tasks. 

Participants could not skip answers. 

Performance estimate. Participants estimated, on a rating scale from 0 to 5, 

how many solution steps they performed correctly for each task during practice. The 

answers were used to provide participants with feedback on their answers.  

Mental effort rating. Participants indicated their invested mental effort after 

each task during practice on a subjective rating scale from 1 (very, very low mental 

effort) to 9 (very, very high mental effort; Paas, 1992). This measured their 

experienced cognitive load, which served as input for the task-selection advice.  

Guidance. There were three types of guidance: Procedural guidance, strategic 

guidance, and no guidance. Each type was provided by an electronic tutor, which 

consisted of a static image of a girl with text messages in a text balloon (see Figure 2). 

We based the design of the tutoring dialogue on the analyses of tutor dialogue 

patterns by Graesser, Person and Magliano (1995). The tutor in all conditions guided 

participants through the experiment by indicating what they had to do and when, 

and asked participants for performance estimates and mental effort ratings.  
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Figure 2. Image of the tutor from all three guidance groups, while asking for a 

performance estimate (translated from Dutch).  

 

 Procedural guidance. Procedural guidance provided immediate feedback on 

the performance estimates, and task-selection advice. The feedback consisted of a 

statement whether an estimate was correct or not, and if it was incorrect, how many 

steps were performed correctly.  

The procedural task-selection advice (Table 1) used the actual performance 

scores for an advice about difficulty, and the mental effort ratings for the advice 

about support. Participants who performed well were advised to proceed to the next 

difficulty level. However, the advice after low performance was to retry a difficulty 

level or go back to an easier level. Similarly, when participants had indicated that the 

previous task was highly effortful, the tutor advised them to select a task with higher 

support. If the previous task had cost them little effort, the tutor advised them to 

select a task with equal or less support. Participants did not receive advice about the 

selection of content. The tutor communicated the advice by repeating the last given 

performance estimates and mental effort ratings, showing Table 1, the overview 

diagram (Figure 1), and explaining how to use the scores and the table for selecting a 

new task. The overview diagram showed which tasks participants had performed 

previously.   
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Table 1. Procedural advice given to participants for task selection (translated from 

Dutch). 

 Performance 

Effort 0-1 steps correct 2-3 steps correct 4-5 steps correct 

1-3 1 difficulty level lower & 

1 level less support 

Same difficulty level & 

1 level less support 

1 difficulty level higher & 

1 level less support 

4-6 1 difficulty level lower & 

same support level  

Same difficulty level & 

same support level 

1 difficulty level higher & 

same support level 

7-9 1 difficulty level lower & 

1 level more support  

Same difficulty level & 

1 level more support 

1 difficulty level higher & 

1 level more support 

 

The tutor asked participants if they wanted to reconsider any selection that 

deviated from the advice, and provided the opportunity to return to the overview 

diagram to make a new selection, or to proceed and make the deviating task. The 

tutor did not provide advice for the first task, so participants received task-selection 

advice seven times.  

Strategic guidance. Strategic guidance provided feedback and task-selection 

advice in a similar way as the procedural tutor, except that it gave more general 

directions for task selection than the procedural tutor. The feedback on an incorrect 

performance estimate only indicated whether participants had performed more or 

less steps correct than their original estimate.  

The strategic task-selection advice had the same structure as the procedural 

advice. The strategic advice also did not give advice about the selection of content, 

allowed participants to deviate from the advice, and did not give advice for the first 

selection. The difference was that the strategic advice did not indicate by how many 

levels participants had to change the difficulty and support level of the next task, but 

instead provided a general direction (i.e., go to a higher or lower level) which left 

room to adapt it to personal needs.  

Control guidance. The control guidance provided neither feedback on the 

performance estimates nor task-selection advice. Instead, it simply asked students 

which task they wanted to select next.  

Training videos. Participants watched four videos of students correctly solving 

the five steps of the genetics tasks. These videos acquainted participants with the 

tasks, which could help them during the solution process, and when making their first 

selection during practice.   
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Procedure. After performing the prior-knowledge test, participants watched 

the training videos. Next, they practiced eight tasks from the database. Finally, 

participants performed the domain-specific skills test. There was no time limit; mean 

time spent on the experiment was 43 minutes and 33 seconds (SD = 9 minutes and 57 

seconds).  

Data analyses. We analyzed the selected difficulty and support levels by 

splitting them between the first four and final four selected tasks. Thus, we calculated 

four mean selected levels: (1) difficulty level tasks 1-4, (2) difficulty level tasks 5-8, (3) 

support level tasks 1-4, and (4) support level tasks 5-8. We measured conformity by 

counting the instances that participants selected a task that followed the advice. We 

used nonparametric tests for all analyses, because of the small sample sizes. This also 

means caution should be taken regarding the result of the regression analysis, as it 

does not generalize to other samples.  

 

Results 

Table 2 shows the median scores from Experiment 1. The answer to the final 

question on the domain-specific skills test of one participant in the strategic-guidance 

condition, and the final two answers on the domain-specific skills test of one 

participant in the no-guidance condition were missing. Therefore, these two 

participants were excluded from any analyses involving the domain-specific skills test 

scores. 
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Table 2. Medians from Experiment 1.  

 Procedural 

guidance 

 (N = 7) 

Strategic 

guidance 

(N = 9) 

No  

guidance 

(N = 9)  

 Median Median Median 

Selected difficulty levels tasks 1-4 (mean)  2.25 2.00 2.00 

Selected difficulty levels tasks 5-8 (mean) 3.25 3.25 2.50 

Selected support levels tasks 1-4 (mean) 1.25 1.00 1.00 

Selected support levels tasks 5-8 (mean) 1.50 0.75 1.00 

Advice conformation (count) 5.00 4.00 n/a 

Prior-knowledge test scores (mean) 0.60 0.20 0.40 

Domain-specific skills test scores (mean) 0.80 3.20 2.50 

Note. Difficulty levels had a range of 1 (easiest tasks) to 5 (most difficult tasks). 

Support levels had a range of 0 (no support) to 2 (highest support). The maximum 

possible score for advice conformation was 7. The maximum possible score on both 

the prior-knowledge test and the domain-specific skills test was 5. The domain-

specific skills test medians were calculated with one participant less in both the 

strategic and no-guidance conditions due to missing data. 

 

Research question 1a: Does guidance help secondary school students to 

make different task selections than no guidance? We first analyzed the differences 

in selected difficulty and support levels between the conditions with a Kruskal-Wallis 

test, which revealed no significant differences in the selected difficulty levels 

between the three types of guidance on tasks 1-4 (Mdnprocedural = 2.25, Mdnstrategic = 

2.00, Mdncontrol = 2.00), H(2) = 2.82, p = .244, and no significant differences on tasks 5-

8 (Mdnprocedural = 3.25, Mdnstrategic = 3.25, Mdncontrol = 2.50), H(2) = 3.42, p = .181. There 

were also no significant differences in the selected support levels between the three 

conditions on tasks 1-4 (Mdnprocedural = 1.25, Mdnstrategic = 1.00, Mdncontrol = 1.00), H(2) = 

0.30, p = .862, and no significant differences on tasks 5-8 (Mdnprocedural = 1.50, 

Mdnstrategic = 0.75, Mdncontrol = 1.00), H(2) = 1.49, p = .475. Thus, participants in all 

three guidance conditions selected tasks from equal difficulty and support levels on 

both the first four tasks and the final four tasks. 

Next, we compared the differences in the selected levels between the first 

four and final four tasks for each separate type of guidance. A Wilcoxon-signed rank 

test for procedural guidance showed a significant increase in the selected difficulty 
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levels between tasks 1-4 (Mdn = 2.25) and tasks 5-8 (Mdn = 3.25), z = -2.23, p = .026, r 

= -0.60. There was no significant difference in the selected support levels between 

tasks 1-4 (Mdn = 1.25) and 5-8 (Mdn = 1.50), z = -1.51, p = .131. For strategic 

guidance, there was a marginally significant increase in the selected difficulty levels 

between tasks 1-4 (Mdn = 2.00) and tasks 5-8 (Mdn = 3.25), z = -1.84, p = .065, r = -

0.43. There was no significant difference in the selected support levels between tasks 

1-4 (Mdn = 1.00) and 5-8 (Mdn = 0.75), z = -0.65, p = .518. For the no-guidance 

condition, there was a significant increase in the selected difficulty levels between 

tasks 1-4 (Mdn = 2.00) and tasks 5-8 (Mdn = 2.50), z = -2.20, p = .028, r = -0.52. There 

was no significant difference in the selected support levels between tasks 1-4 (Mdn = 

1.00) and 5-8 (Mdn = 1.00), z = -0.61, p = .539. Thus, in all types of guidance, 

participants selected roughly the same support levels on both the first four and final 

four tasks. However, participants in all conditions selected more difficult tasks during 

the final four tasks than during the first four tasks.  

Research question 1b: Do different task selections improve domain-specific 

skill acquisition? Before comparing the differences in domain-specific skill 

acquisition, we first checked for prior-knowledge differences. A Kruskal-Wallis test 

showed that the prior-knowledge test scores were not significantly different between 

the three groups (Mdnprocedural = 0.60, Mdnstrategic = 0.20, Mdncontrol = 0.40), H(2) = 1.02, 

p = .600. Next, we compared the domain-specific skills test scores, which were also 

not significantly different between conditions (Mdnprocedural = 0.80, Mdnstrategic = 3.20, 

Mdncontrol = 2.50), H(2) = 0.83, p = .661. So, there were no significant differences in 

domain-specific skill acquisition between the conditions.  

Research question 2: Does higher conformity to procedural and/or strategic 

guidance improve domain-specific skill acquisition? We investigated whether higher 

conformity to procedural and strategic guidance improves domain-specific skills. 

Participants conformed a median of 5.00 times (out of the 7.00 times they received 

advice) in the procedural-guidance condition, and a median of 4.00 times in the 

strategic-guidance condition. Advice conformity in both groups was not a significant 

predictor for the domain-specific skills test scores, b = 0.30, t(13) = 1.47, p = .165. 

Thus, participants who conformed more to the guidance did not perform better on 

the domain-specific skills test than participants who conformed less.  

 

Discussion 

Our results for Research Question 1a suggest that procedural and strategic 

guidance did not encourage participants to make other selections than the control 

group. This is congruent with earlier studies showing no or only small effects of 

procedural or strategic guidance (Kicken et al., 2009; Kostons et al., 2012; Taminiau, 
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2013; Taminiau et al., 2013). However, our results did show an increase in selected 

difficulty levels in all three conditions.  

Because the different types of guidance did not stimulate participants to select 

different tasks, it is logical that the results for Research Question 1b (whether 

guidance indirectly improves domain-specific skill acquisition) and Research Question 

2 (whether higher conformity improves domain-specific skill acquisition) were also 

not significant.  

We identified two issues that might have caused the lack of effect from the 

procedural and strategic guidance. First, the no-guidance condition also asked for 

performance estimates and mental effort ratings, which might have prompted 

participants in this condition to consider these factors when selecting new tasks as in 

the experimental conditions. Thus, this might have made the control group more 

similar to the experimental groups than was intended.  

Second, the procedural and strategic-guidance conditions seemed to lack a 

good alignment of feedback and task-selection advice (i.e., feed forward). Feedback 

on task performance provides information about how well performance has been, 

and what still needs to be done to attain the learning goal. Feed forward, such as 

task-selection advice, provides information about which steps can be taken next to 

enhance the learning process (Hattie & Timperly, 2007). Effective feedback and feed 

forward need to be simple, and it needs to activate students to take the necessary 

steps to reach the learning goal (Boud & Molloy, 2013; Hattie & Timperley, 2007). 

Based on this, we would expect that the procedural feedback might be more effective 

in this experiment than the strategic feedback, because the procedural feedback 

provided exact information on which parts of the tasks require further learning. The 

strategic feedback was more complex as participants had to conjecture which exact 

parts required further learning. Also, we would expect that the strategic feed forward 

would be more effective than the procedural feed forward, because it was more 

activating as it required participants to consciously decide which exact level they 

would like to select. This was unlike the procedural feed forward, which participants 

could follow without further thinking.  

In sum, in the procedural guidance, feedback was simple but feed forward was 

not activating. In the strategic guidance, feed forward was activating but feedback 

was more complex. Hence, we would expect that a combination of procedural 

feedback and strategic feed forward would be more effective, because that would 

provide a better alignment between simple and activating components than only 

procedural feedback and feedforward, or only strategic feedback and feed forward. 

Thus, the aim of Experiment 2 was to investigate a new type of guidance which 
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provided a combination of simple feedback and activating feed forward. We called 

this inferential guidance. 

 

Experiment 2 

The main goal of the second experiment was to investigate if inferential 

guidance can positively affect the task-selection process, and improve domain-

specific skills acquisition through this. We retested the research questions from 

Experiment 1 with modified guidance conditions. First, we aimed to create a control 

condition that would not prompt participants to essential factors for task selection by 

removing the performance estimates and mental effort ratings from the original 

control condition. Second, we combined the procedural feedback with the strategic 

feed forward in a new guidance condition. This inferential guidance indicated exactly 

which steps a participant had performed correctly after a performance estimate, and 

used this as input for nonspecific task-selection advice. The first research question in 

Experiment 2 is whether inferential guidance can help secondary school students 

make different task selections than no guidance (Research Question 1a), and whether 

these different task selections improve domain-specific skill acquisition (Research 

Question 1b). The second research question is whether higher conformity to 

inferential task-selection guidance improves domain-specific skill acquisition 

(Research Question 2).  

 

Method 

Participants and design. We obtained informed and parental consent for 40 

participants (Mage = 14.18, SD = 0.50 years, 27 females) and randomly assigned them 

to one of two conditions: 23 participants in the inferential-guidance condition and 17 

participants in the no-guidance condition.  

Materials. The tasks, task database, performance estimates, mental effort 

ratings and the domain-specific skills test were the same as in Experiment 1. The 

differences between the materials from Experiments 1 and 2 are explained below. 

Guidance. Inferential guidance consisted of a combination of the procedural 

feedback and the strategic feed forward from Experiment 1. Thus, inferential 

guidance gave an exact specification of how many steps a participant had performed 

correctly, exactly like the procedural tutor did. Furthermore, it provided strategic 

task-selection advice by indicating whether a student should go to higher or lower 

difficulty and support levels, based on their performance scores and mental effort 

ratings from the previous task. The no-guidance tutor provided instructions for each 

part of the experiment. It did not ask for performance estimates and mental effort 

ratings, and did not give task-selection advice.  
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Training videos. Two videos demonstrated the correct solution procedure for 

the tasks. We showed two videos instead of four, because participants in Experiment 

1 expressed frustration about the total length of the experiment and the repetition of 

information in the videos.  

Prior-knowledge test. The prior-knowledge test consisted of the three easiest 

tasks from the prior-knowledge test in Experiment 1. We shortened the test from five 

to three tasks, and allowed participants to leave answers blank, because participants 

in Experiment 1 expressed frustration about having to solve tasks without receiving 

instructions about the correct solution procedure first. These changes made the 

prior-knowledge test more different from the domain-specific skills test than it was in 

Experiment 1, but they also made it less strenuous.  

Procedure. The experiment consisted of two sessions, with a maximum of 1 

hour per session (i.e., each session lasted one regular school lesson). The first session 

started with the prior-knowledge test, after which participants watched the videos. 

Next, participants selected and worked on three tasks from the database. The second 

session took place during their next lesson (on a different day), in which participants 

from both conditions selected and worked on another five tasks. Finally, participants 

performed the domain-specific skills test.   

Data analyses. Analyses were performed in the same way as in Experiment 1.  

 

Results  

Table 3 shows the median scores from Experiment 2. The final two answers on 

the domain-specific skills test were missing for one participant in the inferential-

guidance condition. Therefore, this participant was excluded from any analyses 

involving the domain-specific skills test scores.   
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Table 3. Medians from Experiment 2. 

 Inferential-

guidance 

condition 

(N = 23) 

No-guidance 

condition 

(N = 17) 

 Median Median 

Selected difficulty levels tasks 1-4 (mean) 2.50 1.75 

Selected difficulty levels tasks 5-8 (mean) 3.50 1.75 

Selected support levels tasks 1-4 (mean) 1.25 1.25 

Selected support levels tasks 5-8 (mean) 0.75 1.50 

Advice conformation (count) 4.00 n/a 

Prior-knowledge test scores (mean) 0.33 0.33 

Domain-specific skills test scores (mean) 1.30 2.20 

Note. Difficulty levels had a range of 1 (easiest tasks) to 5 (most difficult tasks). 

Support levels had a range of 0 (no support) to 2 (highest support). The maximum 

possible score for advice conformation was 7. The maximum possible score on both 

the prior-knowledge test and the domain-specific skills test was 5. The domain-

specific skills test medians were calculated with one participant less in the inferential 

guidance condition due to missing data. 

 

Research question 1a: Does inferential guidance help secondary school 

students to make different task selections than no guidance? We first compared 

differences in selected difficulty and support levels between the two conditions on 

tasks 1-4 and tasks 5-8. A Mann-Whitney U test revealed that participants in the 

inferential-guidance condition selected more difficult tasks than in the no-guidance 

condition on both tasks 1-4 (Mdninferential = 2.50, Mdncontrol = 1.75), U = 112.00, z = -

2.30, p = .021, r = -0.36, and tasks 5-8 (Mdninferential = 3.50, Mdncontrol = 1.75), U = 91.50, 

z = -2.86, p = .004, r = -0.45. However, there was no significant difference in selected 

support levels between the two conditions on tasks 1-4 (Mdninferential = 1.25, Mdncontrol 

= 1.25), U = 168.00, z = -0.76, p = .448. On tasks 5-8, participants in the inferential-

guidance condition selected tasks with significantly less support (Mdn = 0.75) than in 

the no-guidance condition (Mdn = 1.50), U = 84.00, z = -3.08, p = .002, r = -0.49. So, 

participants in the inferential-guidance condition selected more difficult tasks than in 
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the no-guidance condition during both tasks 1-4 and tasks 5-8, and they selected 

tasks with less support during tasks 5-8.  

Furthermore, when looking within each guidance condition, Wilcoxon signed-

rank tests revealed that participants in the inferential-guidance condition selected 

more difficult tasks on tasks 5-8 (Mdn = 3.50) than on tasks 1-4 (Mdn = 2.50), z = -

3.88, p < .001, r = -0.57. They also selected tasks with less support on tasks 5-8 (Mdn 

= 0.75) than on tasks 1-4 (Mdn = 1.25), z = -2.69, p = .007, r = -0.40. In the no-

guidance condition, there were no significant differences between tasks 1-4 and 5-8 

for both the selected difficulty levels (Mdntasks1-4 = 1.75, Mdntasks5-8 = 1.75), z = -1.30, p 

= .193, and the selected support levels (Mdntasks1-4 = 1.25, Mdntasks5-8 = 1.50), z = -0.63, 

p = .528. Thus, participants in the no-guidance condition tended to select rather easy 

tasks with high support for all tasks, whereas participants in the inferential guidance 

condition selected more difficult tasks with less support on tasks 5-8 than on tasks 1-

4.   

Research question 1b: Do these different task selections improve domain-

specific skill acquisition? A Mann-Whitney U test revealed no significant differences 

on the prior-knowledge test scores between the inferential (Mdn = 0.33) and no-

guidance conditions (Mdn = 0.33), U = 151.50, z = -1.25, p = .211. The difference for 

the domain-specific skills test scores between the inferential-guidance (Mdn = 1.30) 

and no-guidance conditions (Mdn = 2.20) was also not significant, U = 181.50, z = -

0.16, p = .876.  

Research question 2: Does higher conformity to inferential guidance improve 

domain-specific skill acquisition? Median conformity to the inferential guidance was 

4.00 times. A regression analysis showed that advice conformity significantly 

predicted domain-specific skills test scores, b = 0.24, t(20) = 3.09, p = .006, R
2
 = .32. 

This shows that participants scored higher on the domain-specific skills test when 

they conformed more to the advice.  

 

Discussion 

 Results from Research Question 1a suggest that task selections were different 

in the inferential guidance condition and the no-guidance condition. Students in the 

inferential-guidance condition selected more difficult tasks throughout the 

experiment, and practiced with tasks with less support during the second half than 

participants in the no-guidance condition. Moreover, they showed a progression 

through the levels which is supported by the simplifying-conditions method 

(Reigeluth, 1999) and cognitive load theory (Sweller et al., 1998), whereas 

participants in the no-guidance condition did not. Nevertheless, it is difficult to simply 

subscribe these differences to the effects of guidance, because there was also a 
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reasonable amount of nonconformity. However, results from Research Question 2 

suggested that higher conformity to inferential guidance improves domain-specific 

skill acquisition.  

Results from Research Question 1b showed no significant difference between 

the inferential and no-guidance conditions in acquired domain-specific skills at the 

end of the experiment. It is possible that the effect of inferential guidance on task 

selection was too small for an indirect effect on domain-specific skill acquisition, 

which might have been caused by the relatively low number of practice tasks and the 

amount of nonconformity. The cognitive strategy resulting from the inferential 

guidance might only positively affect learning outcomes if the strategy is automated, 

which is more likely to occur after more practice tasks with high conformity to the 

inferential guidance.  

    

General Discussion 

The current study aimed to investigate the effectiveness of guidance on 

improving task selection and domain-specific skills. Results from two experiments 

suggest that inferential guidance helped participants to make more appropriate task 

selections by stimulating them to select tasks from easy to difficult, and from high to 

low support, as compared to the no-guidance condition. Inferential guidance also 

seemed to improve domain-specific skill acquisition through the improved task 

selections, but only when participants conformed to the advice. This positive effect 

could have been caused by the combination of simple feedback with activating feed 

forward. 

When looking at the alignment of feedback and feed forward in previous 

studies on task-selection guidance, it seems that studies on procedural guidance 

(Kostons et al., 2012; Taminiau et al., 2013) did not provide any feedback at all on 

task performance. Furthermore, their feed forwards do not seem to have been 

activating, because participants received an exact step size (Kostons et al., 2012) or 

specified levels (Taminiau et al., 2013) for each task selection. The studies on 

strategic guidance (Kicken et al., 2009; Taminiau, 2013) did provide both feedback 

and feed forward. It seems that these feed forwards were more activating in the 

experimental conditions than in the control conditions. The feedback in Taminiau 

(2013) was complex. It is unclear whether the feedback in Kicken et al. (2009) was 

simple or complex.  

The strategic (complex) feedback in Experiment 1 could have caused a 

discrepancy between the steps the students thought they had performed correctly 

and the steps that actually were correct. The procedural (simple) feedback did 

indicate precisely which steps students performed correctly, which makes it unlikely 
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for the same discrepancy to occur. Thus, the procedural feedback was likely easier to 

use by students to improve their task performance.  

Our results show that participants did not always conform to the guidance, 

which is in line with previous studies (Kicken et al., 2009; Taminiau et al., 2013; 

Taminiau et al., 2015). However, inferential guidance still had a positive effect despite 

of this. This raises the question whether a certain degree of learner control might 

even be a useful addition to task-selection guidance. Future studies could focus on 

this by comparing groups of students who have various degrees of learner control 

when receiving task-selection guidance. Related to this, it would also be interesting to 

investigate if there are other factors that influence conformity, such as motivation.  

In addition, asking questions seems to be an important prompt in itself, 

because the no-guidance condition performed unexpectedly well in the first 

experiment. Possibly, the questions might have stimulated participants to reflect on 

their performance and invested effort, and use this as input for task selection without 

literally being instructed to do so. This surprising effectiveness of questions as 

prompts is encouraging for educational practice, because it suggests that only 

prompting students to consider previous performance and invested mental effort can 

already improve task selections. These prompts consume less time and resources 

than prompts by a teacher, or a full task-selection advice. More research is needed to 

verify this effect.  

In both experiments, there was no difference between the conditions on the 

domain-specific skills test. One possible explanation could be that there were 

relatively few practice tasks, which is also an issue in other task-selection 

experiments (Taminiau, 2013; Taminiau et al., 2013). Furthermore, the limited effects 

on domain-specific skill acquisition in this study are congruent with other studies on 

strategic guidance (Kicken et al., 2009; Taminiau, 2013). Future studies could provide 

more practice tasks and transfer tests, which would have the additional benefit of the 

advice having more time to take effect. 

Also, it is difficult to optimally concretize the design guidelines into 

instructional methods. Although, there is a reasonable amount of supporting 

evidence for the design guidelines that we used in this study, there is also evidence 

that the effectiveness of these guidelines depends on the way these design guidelines 

are operationalized and circumstances under which they are applied. For instance, 

the ‘simple-to-complex’ guideline that is advocated here can be operationalized with 

the simplifying-conditions method (Reigeluth, 1999) as was done in this study. With 

this method students start working on the simplest version of the whole task and end 

with the most complex version of the whole task. However, this design principle can 

also be operationalized through emphasis manipulation (Gopher, Weil, & Siegel, 
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1989). With this method students start working on one of the task aspects in the 

whole task context and end with working on all task aspects of the whole task. This 

also applies to the scaffolding guideline. Support can decrease in a forward or 

backward manner, with varying effects (Renkl & Atkinson, 2003). Furthermore, the 

operationalizations of the design guidelines could differently interact with student 

characteristics such as prior knowledge or context characteristics as time pressure. 

So, future research is needed to further investigate which instructional methods 

rooted in the design guidelines that were used here can enhance practice 

opportunities under which circumstances.  

 There were several limitations in this study. First, Experiment 1 lacked power 

because of its small sample size. Therefore, its results should be interpreted with 

caution. The experiment does present a direct comparison between procedural and 

strategic guidance, which are usually tested in separate studies. The results from 

Experiment 1 do follow a similar pattern as the results in Experiment 2 and support 

the assumptions behind inferential guidance about the combination of feedback and 

feed forward. However, more research is needed with larger sample sizes to further 

examine these effects. Second, it is unknown why students deviated from the advice. 

Possibly, these students critically considered the advice, but decided that another 

task would better fit their needs. If that is the case, whether they benefit from 

guidance or not depends on which factors they base their decisions on. Future 

research could explore this by inquiring why students did or did not conform to the 

guidance. Third, as mentioned above, the eight tasks could have been too few to 

really master both the domain-specific skill and the task-selection skill. If more time 

had been available, students could have practiced with more tasks during more 

sessions. Fourth, we did not directly measure task-selection skills. Future research 

could investigate the task-selection patterns between the different groups in more 

detail, for instance by investigating how adaptive the selections in the different 

guidance groups were. If guidance is effective in improving task-selection skills, 

students might adapt their selections more to their performance in a guidance 

condition than in a control condition.  

 In conclusion, the current study tried to design a type of guidance that could 

change task selections, and indirectly improve domain-specific skill acquisition 

through these enhanced practice tasks. Results indicate that task-selection guidance 

can change the task-selection process if simple feedback is combined with activating 

feed forward. The effectiveness of these different selections is theoretically 

supported by the simplifying-conditions method (Reigeluth, 1999) and cognitive load 

theory (Sweller et al., 1998). The effects of merely providing self-assessment prompts 

could be investigated further in future research. Taken together, these two 
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experiments address the importance of aligning feedback and feed forward when 

designing task-selection guidance.   
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Appendix 

Example of a high support task from difficulty level 1, translated from Dutch.  
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Abstract 

Computer-based learning environments often allow students to select their own 

learning tasks. However, students may not know on what arguments to base their 

selections on. Hence, they might benefit from guidance that alerts them to relevant 

factors (such as their performance on previous tasks, and difficulty and support of to-

be-selected tasks), and explains how to employ this information when selecting tasks. 

The current study compared which learning tasks students select with or without 

task-selection guidance, whether this affects domain-specific skill acquisition, and 

what the effects of conformity to guidance and motivation are on this process. Forty-

two secondary school students practiced eight learning tasks which they selected 

themselves (with vs. without task-selection guidance). Motivation was measured as 

task value and self-efficacy. Results suggest that students practice with more difficult 

tasks when receiving guidance, but there was no difference in the selected support 

levels or in their domain-specific skill acquisition. Conformity to the guidance did not 

predict the domain-specific skills test scores either. The results suggested that there 

might be a relation between conformity and motivation, but it remains unclear to 

what extent this is due to task value, self-efficacy, or both. Taken together, task-

selection guidance seemed to have stimulated students to select more difficult tasks 

than they would have done without guidance. However, these enhanced practice 

opportunities did not lead to higher domain-specific skill acquisition on this short 

training. Future studies could investigate the effects of task value and self-efficacy 

more deeply.  
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An increasing number of learning environments allow students to select their 

own learning tasks (e.g., Camp, Paas, Rikers, & Van Merriënboer, 2001; Corbalan, 

Kester, & Van Merriënboer, 2008). Such learning environments where students have 

control over their learning are becoming more popular, because they are used to 

teach students self-regulated learning skills (Azevedo, Behnagh, Duffy, Harley, & 

Trevors, 2012). Students do not seem to use fruitful strategies when selecting tasks 

by themselves. However, task-selection guidance is not consistently effective either 

(Kicken, Brand-Gruwel, Van Merriënboer, & Slot, 2009; Kostons, Van Gog, & Paas, 

2012; Taminiau et al., 2013), which could also explain the absence of an effect on 

learning performance. Tasks that match students’ learning needs are expected to 

increase the quality of practice time, and thus to enhance the acquisition of domain-

specific skills. Hence, it is important that task-selection guidance effectively helps 

students select tasks that achieve this goal. The aim of the current study is to 

investigate the effect of task-selection guidance on which tasks are selected, and its 

effect on domain-specific skill acquisition. 

 

The Adaptive Task-Selection Process 

Computer-based learning environments that provide students with the 

opportunity to adaptively select their own learning tasks, allow them to attune the 

tasks to their learning needs (Salden, Paas, & Van Merriënboer, 2006). There are 

many factors that students might consider when selecting a task, including difficulty, 

support, or content. 

Sets of tasks often accommodate the selection of tasks from different difficulty 

levels. One strategy is to select tasks from simple to complex, and only progress to a 

more difficult task when a simpler task is fully mastered (i.e., the simplifying-

conditions method, Reigeluth, 1999). Students can use their performance as an 

indicator of how well they have yet mastered a task at a particular level of difficulty 

(Reigeluth, 1999; Van Merriënboer & Kirschner, 2018).  

Students occasionally have the option to select between varying amounts of 

support, ranging from fully supported tasks (such as worked-out examples) to fully 

unsupported tasks (traditional tasks where students need to generate the whole 

solution themselves). One strategy to select the support level of a task is to use 

invested mental effort as an indicator of how much support a student needs (Paas, 

1992). Students who invest high mental effort can best work on fully supported tasks, 

that is, study worked examples. As their invested mental effort decreases, they can 

progress to tasks with less support (e.g., complete partially given solutions) until they 

can master a full task without support (i.e., the completion strategy; Renkl & 

Atkinson, 2003; Van Merriënboer & Kirschner, 2018). 
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Students might also have the option to select tasks with different contents. 

Practicing with various contents has been shown to improve transfer (i.e., the 

variability effect; Sweller, Van Merriënboer, & Paas, 1998). Students already seem to 

select varying contents when they have the opportunity to do so. They seem to 

prefer selecting tasks with contents they find interesting (Nugteren, Jarodzka, Kester, 

& Van Merriënboer, 2018). 

In sum, depending on which options are provided within the set of tasks, 

students might base their selections on difficulty, support or content. Selecting tasks 

that are in congruence with students current learning needs can improve the quality 

of their practice and thus enhance their domain-specific skill acquisition (Reigeluth, 

1999; Renkl & Atkinson, 2003; Van Merriënboer & Kirschner, 2018). However, 

students might not be aware of these factors and how they can incorporate these 

when selecting their own learning tasks. Thus, students might benefit from task-

selection guidance (e.g., Kicken et al., 2009; Scheiter, 2014; Taminiau et al., 2015).  

 

Task-Selection Guidance  

Task-selection guidance could help students to focus on relevant factors. 

Previous research has suggested that students seem to focus on content without 

being given any guidance, but that they might need guidance to help them focus on 

difficulty and support (Nugteren et al., 2018). Furthermore, guidance could indicate 

to them how to attune the selection of these factors to their own current learning 

needs. For instance, it could provide an explanation on what input is needed for each 

factor and suggest a task based on that. Previous studies with this type of guidance 

showed mixed results regarding its effectiveness (Kicken et al., 2009; Kostons et al., 

2012; Taminiau et al., 2013). Both the quality of the selections and domain-specific 

skill acquisition did not consistently enhance after receiving this type of task-selection 

guidance. A possible explanation for this finding is that students do not consistently 

conform to the given guidance, which might be a motivational issue. According to 

expectancy-value theory, students’ motivation is a combination of task value (how 

important students find the tasks at hand) and their expectancies of the tasks (i.e., 

their self-efficacy, or how well they expect to perform on the tasks; Wigfield & Eccles, 

2000). We expect that when both task value and self-efficacy are low, students are 

less likely to conform to task-selection guidance. When task value is low, students 

might not think the tasks are important enough to practice them. When self-efficacy 

is low, students might not feel confident that they can successfully perform the tasks 

that the guidance suggests. Thus, it is unlikely that they will conform to the guidance 

if they also have the option to select another task that requires minimal effort (such 
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as a high-supported task) and/or a task that they feel confident enough to perform 

(such as an easy task). 

Low conformity might also indirectly affect domain-specific skill acquisition. 

When students do not practice the tasks that the guidance suggests, they are more 

likely to only practice easier tasks and thus might not be prepared for more difficult 

future tasks.  

 

Current Study 

The aim of the current study is to investigate whether students make different 

selections for difficulty and support levels when receiving task-selection guidance 

that focuses their attention to these factors, compared to a no-guidance condition. 

Furthermore, it investigates the effect of task value and self-efficacy on conformity to 

task-selection guidance, and the effect of conformity on domain-specific skill 

acquisition. Hence, the first research question in this study is whether students select 

different difficulty levels and support levels with or without guidance (RQ1). We 

expect that students who receive guidance will select more difficult tasks than 

students who do not receive guidance (H1.1), and that students who receive 

guidance will select tasks with less support than students who do not receive 

guidance (H1.2). The second research question is whether students acquire higher 

domain-specific skills after practicing tasks that were selected with or without 

guidance (RQ2). We expect that students who practice with guidance select tasks that 

improve the quality of their practice, and thus acquire higher domain-specific skills 

than when they practice without guidance (H2). The third research question is 

whether conformity to guidance is affected by task value and self-efficacy, and 

whether conformity affects domain-specific skill acquisition (RQ3). We expect that 

students conform more often to the task-selection guidance when their task value 

and self-efficacy are higher (H3.1), and that students who conform more often to the 

guidance have a higher quality of practice, and through this improved practice 

acquire higher domain-specific skills than students who practice without guidance 

(H3.2).  

 

Method 

Participants and Design 

Forty-two pre-vocational secondary school students (Mage = 14.43, SDage = 0.59 years 

old, 16 females) participated in a between-subjects design, in which one group 

received guidance during task selection (task-selection guidance condition; n = 23), 

and one group did not (no-guidance condition; n = 19). We obtained informed 

consent from each student and their parents.  
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Materials 

All materials were placed in an electronic learning environment, which was 

specifically designed for this study. 

Motivation questionnaire. Task value and self-efficacy for learning and 

performance were measured with a Dutch translation of the first part of the 

Motivated Strategies for Learning Questionnaire (MSLQ, Pintrich, Smith, Garcia, & 

McKeachie, 1991; translation by Van der Wurff, Von Schacky, Berge, Kirschner, & De 

Groot, 2016). Participants answered all 31 statements of this questionnaire, but we 

limit our report to the scales ‘task value’ and ‘self-efficacy for learning and 

performance’. Task value measured how important or useful students believe the 

tasks are (6 items; Cronbach’s α = .89). An example of an item from this scale is “It is 

important for me to learn the course material in this class.” Self-Efficacy for learning 

and performance measured students' expected performance on the tasks (8 items; 

Cronbach’s α = .86). An example of an item from this scale is “I expect to do well in 

this class.” Participants rated each statement on a rating scale from 1 (not at all true 

of me) to 7 (very true of me).  

Tasks and task database. Participants worked on hereditary problem tasks, 

which all consisted of a problem statement and five solution steps. See the Appendix 

for an example of a task. Participants could select these tasks from a selection 

diagram, which showed 75 of these tasks (see Figure 1). These tasks varied over five 

difficulty levels, and three support levels within each difficulty level. The easiest 

difficulty level required students to solve a problem with two generations, one 

unknown variable to find, one possible solution, and they had to use deductive 

reasoning to find the answer. The most difficult level required students to solve a 

problem with three generations, two unknown variables, more than one possible 

solution, and they had to use both deductive and inductive reasoning to find the 

answer. On the highest support level, the first four steps of each task were presented 

as worked-out examples, and participants only had to complete the final step. On the 

middle support level, the first two steps were given and participants had to finish the 

other three steps themselves. On the lowest support level, participants had to 

complete all five steps themselves. 
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Figure 1. Task-selection graph (text is translated from Dutch).  

 

Prior-knowledge test. To check for participants’ prior-knowledge, they filled in 

a prior-knowledge test. The test consisted of three tasks which were structurally 

equal to the unsupported tasks from the three easiest difficulty levels (one from each 

difficulty level), but had different contents. Participants were allowed to leave 

answers blank, because these tasks were new and relatively difficult for this age 

group. Each correctly performed step earned one point with a maximum total of five 

points per task. Means were calculated over all three tasks as the final score which 

thus varied between 0 and 5.  

Domain-specific skills test. Participants conducted the domain-specific skills 

test to measure their acquired domain-specific skills after practicing the tasks. The 

test consisted of five tasks which were structurally equal to the unsupported tasks 

from the database (one from each difficulty level), but had different contents. It was 

mandatory to fill out an answer for each step on each task. Each correctly performed 

step earned one point with a maximum total of five points per task. Means were 

calculated over all five tasks as the final score which thus varied between 0 and 5.  

Videos. All participants watched two videos showing a model student correctly 

solving one of the tasks. These videos were shown to help participants solve the tasks 

from the database during practice, because this type of task was new and relatively 

difficult for this age group.  

Guidance. An electronic tutor provided written instructions through a speech 

bubble (see Figure 2). The instructions were different in the guidance and no-

guidance conditions. 
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Figure 2. The electronic tutor (text is translated from Dutch).  

 

Guidance condition. After each task, the tutor asked participants to estimate 

their performance by asking “How many steps do you think you performed 

correctly?” Participants could select their answer in a multiple-choice format ranging 

from 0 steps to 5 steps. After confirming their answer, the tutor repeated the five 

solution steps and corrected the estimate if necessary. For instance, if a participant 

estimated that s/he had performed all five steps correct when only the first three 

steps were correct, the tutor would indicate “This estimate is incorrect. The five steps 

were: (1) determine the genotypes, (2) make a family tree, (3) determine the number 

and direction of the contingency tables, (4) fill in the contingency tables, and (5) 

choose the right answer from the contingency tables. You performed steps 1, 2, and 3 

correctly.” Steps that were already worked-out as part of the high and middle 

support levels were counted as correctly performed steps, which participants were 

informed of before they made their estimate. Next, participants answered the 

question “How effortful did you find the previous task?” on a rating scale from 1 

(very, very low effort) to 9 (very, very high effort). They did not receive feedback on 

this answer.  

The answers to these two questions were used as input for the task-selection 

guidance as shown in Table 1. The number of correctly performed steps on the 

previous task determined the advice for the next difficulty level, and the invested 

effort determined the next support level.  

 

 

 

That was the prior-knowledge test. We will now continue to 
the videos. You are going to watch two videos of students who 
make this type of task. Watch closely how they solve the 
tasks! 
 
Pay attention: you have to watch each video entirely before 
you can continue!  
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Table 1. Determination of new difficulty and support levels in the task-selection 

guidance of the guidance condition.  

Score/rating Advice 

0-1 steps performed correctly  Lower difficulty level  

2-3 steps performed correctly Same difficulty level 

4-5 steps performed correctly Higher difficulty level  

Self-rated mental effort of 1 (very, very low effort), 2 (very 

low effort), or 3 (low effort) 

Less support 

Self-rated mental effort of 4 (rather low effort), 5 (neither 

low nor high effort), or 6 (rather high effort) 

Same support level 

Self-rated mental effort of 7 (high effort), 8 (very high effort), 

or 9 (very, very high effort) 

More support 

 

No-guidance condition. The tutor in the no-guidance condition was visually 

the same as in the guidance condition. However, it did not provide additional 

questions, feedback on performance, or task-selection guidance. Instead, after 

finishing a task, the tutor only asked participants which task they wanted to select 

next. 

 

Procedure 

The experiment took place in two sessions. All participants first filled in the 

MSLQ, and then the prior-knowledge test. Next, they watched the videos. After that, 

all participants practiced with the first three tasks that they could select from the 

database. In the second session, they selected and performed another five tasks from 

the database. Finally, all participants completed the domain-specific skills test.  

 

Data Analyses 

One participant in the guidance condition and one in the no-guidance 

condition did not finish five of the practice tasks and the domain-specific skills test, 

and were thus eliminated from all analyses. Two participants from the guidance 

condition did not finish any of the domain-specific skills test tasks and were thus 

eliminated from all analyses involving the mean domain-specific skills test scores. Due 

to technical difficulties, the first answer of two participants in the no-guidance 

condition and the first two answers of one participant from the guidance condition 

on the domain-specific skills test were not saved. These missing answers were 
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replaced by the mean scores of the other questions on the domain-specific skills test 

of these participants.  

 

Results 

We checked whether there were any prior differences between conditions 

regarding prior-knowledge and motivation. A Mann-Whitney test revealed no 

significant differences between the guidance and no-guidance conditions for the 

mean prior-knowledge test scores, U = 167.50, z = -1.34, p = .180. Mann-Whitney 

tests also revealed no significant differences between the guidance and no-guidance 

conditions on the task value scale, U = 186.00, z = -0.82, p = .411, and no significant 

differences between the guidance and no-guidance conditions on the self-efficacy for 

learning and performance scale, U = 146.00, z = -1.84, p = .066. 

 

Table 2. Descriptives.  

 Guidance 

n = 23 

No-guidance 

n = 19 

 Mdn M SD Mdn M SD 

Prior-knowledge test scores (mean) 0.33 0.52 0.45 0.00 0.51 0.86 

Domain-specific skills test scores 

(mean)
a
 

0.40 0.87 0.92 0.75 1.16 1.17 

Difficulty level Task 1-8 (mean) 2.75 2.61 0.94 1.88 2.07 1.09 

Support level Task 1-8 (mean) 1.00 1.01 0.46 1.38 1.26 0.53 

Task Value (mean) 4.17 3.97 1.41 4.50 4.35 0.81 

Self-Efficacy for Learning and 

Performance (mean) 

4.00 4.18 0.92 4.75 4.69 0.73 

Guidance Confirmation (sum) 4.00 3.61 2.27 n/a n/a n/a 

Note. The difficulty levels ranged from 1 (easiest) to 5 (most difficult). Support levels 

ranged from 0 (no support) to 2 (full support).  
a
 n = 21 in the guidance condition for the domain-specific skills test scores 

 

RQ1: Do Students Select Different Difficulty Levels and Support Levels With or 

Without Guidance? 

The first hypothesis was that students who received guidance would select 

more difficult tasks than students who did not receive guidance (H1.1). A Mann-
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Whitney test showed a significant difference between the conditions in the selected 

difficulty levels, U = 135.50, z = -2.10, p = .036, r = -0.32, which confirms that 

participants selected more difficult tasks in the guidance condition (Mdn = 2.75) than 

in the no-guidance condition (Mdn = 1.88). 

Hypothesis 1.2 stated that students who receive guidance would select tasks 

with less support than students who do not receive guidance (H1.2). A Mann-

Whitney test showed no significant difference between the guidance and no-

guidance conditions for the selected support levels, U = 156.50, z = -1.57, p = .116. 

Thus, H1.2 is not confirmed.  

 

RQ2: Do Students Acquire Higher Domain-Specific Skills After Practicing Tasks That 

Were Selected With or Without Guidance? 

The second hypothesis was that students who practice with guidance select 

tasks that improve the quality of their practice, and thus acquire higher domain-

specific skills than when they practice without guidance (H2). A Mann-Whitney test 

revealed no significant differences between the guidance and no-guidance conditions 

for the mean domain-specific skills test scores, U = 182.00, z = -0.48, p = .632, which 

means H2 is not confirmed.  

 

RQ3: Is Conformity to Guidance Affected by Task Value and Self-Efficacy, and Does 

Conformity Affect Domain-Specific Skill Acquisition?  

Hypothesis 3.1 was that students conform more often to the task-selection 

guidance when their task value and self-efficacy are higher (H3.1). A regression 

analysis with task value and self-efficacy for learning and performance as predictors 

for conformity revealed a significant regression equation, F(2,20) = 3.72, p = .042, R
2
 = 

.27. However, neither of the separate scales significantly predicted conformity (task 

value: b = -0.04, t(20) = -0.07, p = .944; self-efficacy for learning and performance: b = 

1.34, t(20) = 1.45, p = .162). Thus, H3.1 is not confirmed. 

Hypothesis 3.2 was that students who conform more often to the guidance 

have a higher quality of practice, and through this improved practice acquire higher 

domain-specific skills than students who practice without guidance. A regression 

analysis with conformity to the guidance as a predictor for domain-specific skills test 

scores revealed a non-significant regression equation, F(1,19) = 0.09, p = .772. 

Conformity was not a significant predictor of domain-specific skills test scores in the 

guidance condition, b = 0.03, t(19) = 0.29, p = .772. Thus, H3.2 is also not confirmed.  
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Discussion 

The current study investigated the effects of task-selection guidance on the 

selections that students make, its effect on domain-specific skill acquisition, and the 

relation of conformity to domain-specific skill acquisition and motivation. The results 

from H1.1 (students who receive guidance will select more difficult tasks than 

students who do not receive guidance) showed that students select more difficult 

tasks after receiving task-selection guidance than students who did not receive 

guidance. This seems to suggest that the task-selection guidance was effective in 

changing the difficulty levels that students would have selected without guidance. 

Results from H1.2 (students who receive guidance will select tasks with less support 

than students who do not receive guidance) suggest that guidance does not affect 

the support levels students select for their tasks. It is possible that the concepts of 

support levels and mental effort are less clear to students than difficulty levels and 

performance estimates, as the latter are used more often in real-life educational 

settings. Future studies could investigate this further by exploring different ways to 

represent support levels and mental effort, or by using a different selection system 

for this.  

Results from H2 (students who practice with guidance select tasks that 

improve the quality of their practice, and thus acquire higher domain-specific skills 

than when they practice without guidance) showed no differences in domain-specific 

skill acquisition between the guidance and no-guidance condition. Thus, despite that 

students practiced with more difficult tasks in the guidance condition, this did not 

change the quality of their practice enough to acquire higher domain-specific skills. A 

possible explanation might be that the amount of eight practice tasks was insufficient 

to create a sufficiently large difference between the conditions. If they had practiced 

with more tasks, it is possible that the effects of the guidance would have been larger 

and therefore, large enough to affect domain-specific skill acquisition. Another 

explanation is that the general-ability level of our students (pre-vocational secondary 

school) was different to the level of most students in other studies using these tasks 

(higher general secondary school, pre-university secondary school, or university 

students; e.g., Kostons et al., 2012; Taminiau et al., 2013). Therefore, even the tasks 

on the easier difficulty levels might have been very difficult for our sample. This is 

confirmed by the low results in both conditions on the domain-specific skills test, 

which shows minimal growth compared to the prior-knowledge test scores. It is 

possible that a floor effect has occurred which limits the possibilities to find 

differences between the conditions. Future studies could check this by redesigning 

materials to make them more suitable for a lower ability level, or by using completely 

different materials.  
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Results from H3.1 (students conform more often to the task-selection 

guidance when their task value and self-efficacy are higher) were unclear. A 

significant regression equation suggested a possible relation between the two 

motivational variables and conformity. However, neither task value nor self-efficacy 

significantly predicted conformity. It is probable that the current sample size was not 

large enough to reveal the full effect of these predictors. Another possibility is that 

the predictors were too similar, as they both measure a form of motivation. Future 

studies could aim to replicate these results with a larger sample size and different 

predictors to check these issues. 

Results from H3.2 (students who conform more often to the guidance have a 

higher quality of practice, and through this acquire higher domain-specific skills than 

students who practice without guidance) showed that students did not score higher 

on the domain-specific skills test after conforming more to the guidance. This is in 

congruence with the other results that showed only a small effect of the guidance on 

the selections, and no difference between the conditions on the domain-specific skills 

test. Moreover, as mentioned above, it is possible that the task-selection guidance 

used here did not match the general-ability level of this participant group. Future 

studies could investigate this by directly comparing participant groups of different 

school levels to see if their selections are different, whether they use the guidance 

differently, and whether they score differently on domain-specific skill tests with 

these materials.  

There were several limitations in this study. First, participants only practiced 

eight tasks due to time constraints. Results might have been different if they could 

have practiced more tasks, as that would have given the guidance more time to take 

effect. Second, the tasks were presented in a highly structured diagram, which is 

rarely the case in actual learning environments. More research would be needed in 

electronic learning environments with a higher ecological validity before these results 

can be generalized to other settings. Third, the sample size was rather small 

considering the small expected effects. Although the age of our participants and the 

classroom setting increased the ecological validity of our study, this made it more 

difficult to obtain a larger sample size. More studies with more participants would be 

needed to confirm the current results. Fourth, we cannot exclude the possibility of 

attrition bias, because three participants in the guidance condition were not able to 

finish the experiment compared to only one participant in the no-guidance condition. 

It is possible that following the guidance caused them to work slower, or otherwise 

differently, than participants in the no-guidance condition. This possible effect of the 

guidance should be considered when reusing it.  
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In conclusion, the results from this study suggest that students might benefit 

from task-selection guidance to help them select more difficult tasks. At the same 

time, many issues remain unclear. Task-selection guidance did not successfully 

change the selected support levels, and domain-specific skill acquisition did not 

enhance after receiving guidance. It seems that motivation has some effect on 

conformity to guidance, but the exact nature of the effect is not clear. Future 

research is needed to further explore these effects.  
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Appendix 

Example of a high support task from difficulty level 1, translated from Dutch.  
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Abstract 

Computer-based learning enables students to practice tasks that vary in difficulty, 

support and content, which can be provided adaptively in system-controlled or 

learner-controlled environments. Task-selection advice can aid students to select 

suitable tasks in learner-controlled environments, but its effectiveness seems to vary. 

This study compared a system-controlled with a learner-controlled environment, and 

investigated the effectiveness of task-selection advice for the latter. We randomly 

assigned 154 third-year secondary school students to one of three conditions: System 

control (in which a computer algorithm adaptively selected each practice task), 

learner control with advice (in which a computer algorithm gave individual advice for 

each task selection), or learner control without advice (in which participants 

independently selected each practice task). Results suggested that participants in the 

system-control condition practiced with more difficult tasks than in the learner-

control conditions. Furthermore, participants in the learner-control-with-advice 

condition practiced with more difficult tasks than participants in the learner-control-

without-advice condition. In addition, type of control did not significantly affect 

practiced support level. Also, whereas practicing with more difficult tasks was 

predictive of higher posttest scores, and higher conformity to the advice was 

predictive of practicing with more difficult tasks, the conditions did not score 

significantly different on the posttest. This study concludes that students in a learner-

control-without-advice environment tend to select rather easy tasks, whereas 

practicing with more difficult tasks is predictive of higher posttest scores. Advice can 

help them to select more difficult tasks, but a system-controlled environment is most 

successful in getting students to practice more difficult tasks. 
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Computer-based learning environments can provide students with adaptively 

selected practice tasks from a database, which are aligned with students’ individual 

learning needs (e.g., Camp, Paas, Rikers, & Van Merriënboer, 2001; Corbalan, Kester, 

& Van Merriënboer, 2008). These selections can be provided through system control 

(a computer system makes the selections for each student) or learner control 

(students make the selections themselves; Scheiter & Gerjets, 2007). Previous studies 

have suggested that students, especially those with low prior knowledge, learn skills 

more effectively from system-controlled task selections than learner-controlled 

selections (Scheiter, 2014). Moreover, students in learner-controlled environments 

could benefit from task-selection advice (e.g., Kicken, Brand-Gruwel, Van 

Merriënboer, & Slot, 2009; Kostons, Van Gog, & Paas, 2012; Nugteren, Jarodzka, 

Kester, & Van Merriënboer, 2018). However, this advice does not seem to be 

consistently effective (e.g., Kostons et al., 2012; Taminiau et al., 2013). A possible 

reason for this is that students do not consistently conform to task-selection advice 

(e.g., Kicken et al., 2009; Kostons et al., 2012), which might be caused by their low 

value of the tasks and/or their low self-efficacy (Wigfield & Eccles, 2000). The current 

study aimed to investigate the effectiveness of task-selection advice in a learner-

controlled environment, and whether self-efficacy and task value affect conformity to 

this advice.  

 

Adaptive Task Selection 

Task selections are adaptive when they take individual student characteristics 

(such as performance or invested mental effort) into account (Salden, Paas, & Van 

Merriënboer, 2006). It is often studied through three factors: Difficulty of the task 

itself, support provided to solve the task, and/or the contents of the task (e.g., 

Corbalan, Kester, & Van Merriënboer, 2011; Kicken et al., 2009). The effectiveness of 

adaptive task selection can be enhanced when these factors are varied as follows 

(Van Merriënboer & Kirschner, 2018). 

Variations in difficulty allow learners to practice with different versions of the 

same task at different difficulty levels. According to the simplifying-conditions 

approach (Reigeluth, 1999; Van Merriënboer & Kirschner 2018), students can 

progress to more difficult tasks when they have mastered simpler versions of that 

task. Performance assessments can be used to determine whether a task has been 

mastered sufficiently. When performance is high, students are usually ready to 

progress to a higher difficulty level. Thus, the difficulty levels of personalized tasks 

can increase in tandem with the increase of knowledge and skills (Reigeluth, 1999).  

 Within each difficulty level, tasks can provide varying amounts of support (Van 

Merriënboer & Kirschner, 2018; Renkl & Atkinson, 2003). Tasks with a high amount of 
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support are suitable when students have not yet mastered a difficulty level. Tasks 

with a high level of support impose a relatively low strain on students’ cognitive 

capacity (Sweller, Van Merriënboer, & Paas, 2019). Tasks with less support become 

more suitable when students’ skill (within a difficulty level) increases, as high support 

then becomes redundant and strains cognitive capacity (Renkl & Atkinson, 2003). 

One way to determine how much support a student needs at a given point is through 

mental effort ratings (Paas, 1992). High mental effort ratings can indicate a need for 

higher support, whereas lower ratings indicate that students are ready for tasks with 

less support (Camp et al., 2001; Paas, 1992; Sweller, Ayres, & Kalyuga, 2011).  

 Finally, practicing with varying contents can increase transfer (Sweller et al., 

2011). Varying the content of a task means that only the surface features are 

changed whilst the structural features remain the same. The variability effect entails 

that students benefit from practicing with a high variety of contents, because this 

helps them to recognize and solve different varieties of this task in practice (Sweller, 

Van Merriënboer, & Paas, 1998). Hence, adaptive task selections could also strive to 

include different contents.  

 Taken together, this suggests that adaptive task selections are effective when 

students progress through tasks from simple to complex, from high support to low 

support at each level of complexity, and from practicing with a high variety of task 

contents (Van Merriënboer & Kirschner, 2018). Students can receive control over this 

progression in a learner-controlled learning environment, or a computer system can 

control this for them in a system-controlled environment.  

 

Task-Selection Control  

Students can work on selected tasks in a learner-controlled or a system-

controlled environment. Both forms can be adaptive when the selected 

characteristics are personalized to individual learning needs (Corbalan, Kester, & Van 

Merriënboer, 2006). Learner control means that students decide on the sequence, 

content, and/or the format of the tasks they will perform. System control means that 

a (computer) system decides this for them (Scheiter & Gerjets, 2007). Making 

decisions in a learner-controlled environment imposes additional cognitive load on 

the student, because it requires them to use domain-specific prior knowledge to 

make (monitoring) judgements about their current learning state. Students with 

lower knowledge and skills tend to perform better in system-controlled 

environments, which make these judgments and decisions for them (Scheiter & 

Gerjets, 2007; Scheiter, 2014; cf. the expertise reversal effect, Kalyuga, Ayres, 

Chandler, & Sweller, 2003).  
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The effectiveness of learner control could improve when it is enriched with 

advice, such as a task-selection advice (Scheiter, 2014). However, previous studies 

showed mixed results regarding the effectiveness of task-selection advice on the 

improvement of task selections and domain-specific skill acquisition (Kicken et al., 

2009; Kostons et al., 2012; Taminiau et al., 2013). A possible reason why task-

selection advice does not always effectively support learner control might be that 

students do not always consistently conform to the advice (Kicken et al., 2009; 

Kostons et al., 2012; Taminiau et al., 2013). Lower conformity could result in lower 

effectiveness of the advice on task selections, which in turn could then result in lower 

domain-specific skill acquisition.   

A possible explanation for why students do not consistently conform to task-

selection advice might be that their value of the tasks and self-efficacy are low. 

According to expectancy-value theory, students’ motivation consists of their 

expectancy of success (also known as self-efficacy) and their value of the task(s) at 

hand (Wigfield & Eccles, 2000). Possibly, students who do not value the tasks and/or 

have low self-efficacy might conform less to task-selection advice than students who 

value the tasks highly and/or have high self-efficacy. Students with low task value are 

unlikely to be very interested in which tasks could fit their learning needs, as they find 

the tasks themselves unimportant. Students with low self-efficacy are not confident 

that they could perform well on the tasks, and thus might not feel confident that they 

are able to perform the tasks that the advice suggests. Hence, they could be more 

likely to select their own (easier) tasks.  

 

This Study 

The goal of the current study is to compare the effectiveness of adaptive task 

selections from a system-controlled environment to the selections from a learner-

controlled environment, and to investigate the effectiveness of task-selection advice 

in a learner-controlled environment for students with low prior-knowledge. Hence, 

research question 1 is whether students practice with different difficulty levels in a 

system-controlled learning environment than in a learner-controlled learning 

environment, and with or without advice in a learner-controlled environment. 

Research question 2 is whether students practice with different support levels in a 

system-controlled learning environment than in a learner-controlled learning 

environment, and with or without advice in a learner-controlled environment. 

Research question 3 is whether students acquire higher domain-specific skills in a 

system-controlled learning environment than in a learner-controlled learning 

environment, and with or without advice in a learner-controlled environment.  
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We expect that students practice with different difficulty and support levels 

through the use of either system-controlled or learner-controlled learning 

environments, and through the presence or absence of advice. We also expect that 

this will affect the acquisition of domain-specific skills through practice. Based on 

previous studies, we expect that students in the system-controlled environment will 

acquire higher domain-specific skills than in the learner-controlled environments 

through enhanced practice opportunities. Similarly, we expect that students in a 

learner-controlled environment will have enhanced practice opportunities through 

the advice, and thus acquire higher domain-specific skills when they practice with 

instead of without advice.  

Research question 4 investigates whether conformity to task-selection advice is 

affected by learners’ value of the tasks and self-efficacy, and whether this affects 

domain-specific skill acquisition. We expect that students conform more often to 

task-selection advice when they value the tasks higher, and when their self-efficacy is 

higher. We also expect that higher conformity leads to higher domain-specific skill 

acquisition.  

 

Method 

Participants and Design 

A total of 154 third-year secondary-school students from the Netherlands 

(Mage = 13.92, Sage = 0.55 years, 85 females) participated in this experiment after we 

obtained informed consent from the students and their parents. We randomly 

assigned them to one of three conditions, which varied on participants’ task-selection 

control and advice when selecting tasks: System control (n = 52), learner control with 

advice (n = 50), and learner control without advice (n = 52). Each participant received 

a gift certificate of 10 euros after participating.  

 

Materials  

All materials were available in a web-based learning environment. 

Tasks. All tasks were Mendelian inheritance problems, which started with a 

problem statement and had to be solved by working through five steps (see Appendix 

A for an example). Participants practiced eight of these tasks from a set of 75 tasks, 

which varied in difficulty, support, and content. The set was displayed in a selection 

diagram (see Figure 1). There were five difficulty levels, which varied on several 

factors that participants could read in the top row of the selection diagram. The 

second row indicated the three available levels of support within each difficulty level. 

Support varied on the number of worked-out steps, with the highest support on the 
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left and no support on the right. Each combination of difficulty and support provided 

five different content options. 

  

 

Figure 1. Selection diagram with the 75 practice tasks (text is translated from Dutch).  

 

Task-selection control and advice. Participants could receive one of three 

types of control: System control, learner control with advice, or learner control 

without advice. The learner interface for each type of control was an electronic tutor 

(see Figure 2), who communicated with the students through written text presented 

in a speech bubble.  

 

 

Figure 2. The electronic tutor (text is translated from Dutch).  

 

That was the pretest. We will now continue to the videos. You 
are going to watch 2 videos of students who make this type of 
task. Watch closely how they solve the tasks! 
 
Pay attention: you have to watch each video entirely before you 
can continue!  
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System control. A computer algorithm selected each practice task in the 

system-control condition. The first task was always the task in the most left corner in 

Figure 1 (the high-supported task about eye color on difficulty level 1). Whenever 

participants finished a task, the tutor asked them to rate their invested mental effort 

on a scale from 1 (very, very low effort) to 9 (very, very high effort; Paas, 1992). The 

algorithm then selected a new task using a combination of this effort rating and the 

performance score on the previous task (Camp et al., 2001; Corbalan, Kester, & Van 

Merriënboer, 2006, 2008, 2009a, 2009b, 2011). It used the performance scores to 

determine the new difficulty level, and the mental effort rating to determine the new 

support level (see Table 1). Appendix B shows an example of how the tutor 

communicated this selection.  

 

Table 1. Computer algorithm for task selection in the system-control and learner-

control-with-advice conditions.  

Score/rating Algorithm 

0-1 steps performed correctly  1 difficulty level 

lower 

2-3 steps performed correctly Same difficulty level 

4-5 steps performed correctly 1 difficulty level 

higher 

Self-rated mental effort of 1 (very, very low effort), 2 (very 

low effort), or 3 (low effort) 

1 level less support 

Self-rated mental effort of 4 (rather low effort), 5 (neither 

low nor high effort), or 6 (rather high effort) 

Same support level 

Self-rated mental effort of 7 (high effort), 8 (very high effort), 

or 9 (very, very high effort) 

1 level more support 

 

Learner control with advice. In the learner-control-with-advice condition, 

participants received a task-selection advice that followed the same algorithm as the 

system-control algorithm. They did not receive advice for their first selection. After 

performing each task, participants first rated their invested mental effort, and were 

asked to estimate how many steps they thought they had performed correctly 

(ranging from “0 steps” to “5 steps”). The tutor replied whether this estimate was 

correct, and if not, how many steps were actually performed correctly. The task-
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selection advice was created with these scores according to the system-control 

algorithm (see Table 1). The tutor repeated the performance score and effort rating 

from the previous task and explained how to use these scores when selecting a new 

difficulty and support level. The tutor advised for each possible rating and score 

whether participants should go to a higher or lower level, or remain at the same 

level. Appendix C shows examples of the tutor’s responses and the task-selection 

advice. Participants were allowed to deviate from the advice, but the tutor 

discouraged this.  

Learner control without advice. Participants in the learner-control-without-

advice condition were free to select any task they wanted for each of the eight 

practice tasks. The tutor was always present to give general instructions on what to 

do in each phase of the experiment, but it would not ask for performance estimates, 

mental effort ratings, and it did not give task-selection advice.  

Motivation. All participants filled out a Dutch translation of the motivation 

scales (Van der Wurff, Von Schacky, Berge, Kirschner, & De Groot, 2016) of the 

Motivated Strategies for Learning Questionnaire (MSLQ; Pintrich, Smith, Garcia, & 

McKeachie, 1991). This questionnaire measures six different scales of motivation 

through 31 statements, which are answered on a scale from 1 (not at all true of me) 

to 7 (very true of me). Each scale was scored by calculating the mean score from the 

questions forming the scale. We will only report the scales that are related to 

expectancy-value theory: Task value and Self-efficacy for learning and performance. 

Task value (6 items; Cronbach’s α = .78) measures how participants appraise the task 

itself. An example of a test item on this scale is “I think the course material in this 

class is useful for me to learn.” Self-efficacy for learning and performance (8 items; 

Cronbach’s α = .87) measures participants’ confidence in their personal capabilities to 

learn and perform a task. An example of a test item on this scale is “I'm confident I 

can do an excellent job on the assignments and tests in this course.” (Pintrich et al., 

1991).  

Pretest. The pretest checked whether participants’ skills in solving inheritance 

tasks before practicing were low at the start of the experiment. It consisted of three 

tasks with the same format as the tasks of the lowest support levels, but with other 

contents. Their difficulty was equal to the tasks from difficulty levels 1, 2 and 3. 

Participants were allowed to leave answers blank to avoid feelings of frustration 

about having to solve tasks that they have never encountered before. They could 

score one point for each correctly performed step. Their final score was calculated as 

the mean score of the three tasks.  

Posttest. The posttest consisted of five tasks, and measured participants’ skills 

in solving the inheritance tasks after practicing. Each task was equal to a task from 
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one of the five difficulty levels at the lowest support level, but different in content. 

Participants were not allowed to leave answers blank. They could score one point for 

each correctly performed step. Their final score was calculated as the mean score of 

the five tasks.  

Videos. All participants watched two training videos before practicing, in order 

to help them solve their first tasks, since these tasks were new for them. Each video 

showed a modeling example of a student solving a task by working through the five 

steps. It was not possible to continue to the next screen for the time each video 

lasted. 

 

Procedure 

All participants completed the experiment in one session on their own laptops 

during school hours. After logging in on the website, they all read a short introduction 

on how to use the site, and filled in their age and sex. Next, everyone filled in the 

MSLQ, the pretest, and watched the example videos. Then, participants practiced 

with eight tasks and filled in the posttest. 

 

Results 

Data Analyses  

All means and standard deviations are shown in Table 2. For three participants 

(one from the learner-control-without-advice, one from the system-control, and one 

from the learner-control-with-advice condition), the answer to the first question of 

the pretest was missing and therefore replaced by their mean scores from Questions 

2 and 3. We checked for any a priori differences between the conditions on the 

pretest scores and the motivation scales, which were not significant. In addition, the 

pretest scores confirmed that participants’ prior- knowledge levels were low at the 

start of the experiment.  
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Table 2. Means and standard deviations of the pretest and posttest scores, and of the 

selected difficulty and support levels. 

 Maximum 

possible 

range 

System 

control  

n = 52 

Learner 

control with 

advice 

n = 50 

Learner 

control 

without 

advice 

n = 52 

  M SD M SD M SD 

Pretest scores  0-5 0.96 1.10 0.94 0.95 0.81 0.88 

Posttest scores  0-5 2.55 1.14 2.56 0.92 2.70 0.94 

Difficulty level  1-5 3.01 0.53 2.98 0.75 2.53 0.84 

Support level  0-2 0.91 0.56 0.84 0.48 0.93 0.58 

 

RQ1: Do Students Practice With Different Difficulty Levels in a System-Controlled 

Than in a Learner-Controlled Learning Environment, and With or Without Advice in 

a Learner-Controlled Environment? 

Planned contrasts with control (system control/learner control with and 

without advice) as independent variable, and mean practiced difficulty level as 

dependent variable revealed that participants in the system-control condition 

practiced with significantly more difficult tasks (M = 3.01, SD = 0.53) than participants 

in the learner-control conditions (M = 2.75, SD = 0.82), t(151) = -2.13, p = .035, r = .17. 

It also revealed that participants in the learner-control-with-advice condition 

practiced with significantly more difficult tasks (M = 2.98, SD = 0.75) than participants 

in the learner-control-without-advice condition (M = 2.53, SD = 0.84), t(151) = -3.22, p 

= .002, r = .25.  

 

RQ2: Do Students Practice With Different Support Levels in a System-Controlled 

Than in a Learner-Controlled Learning Environment, and With or Without Advice in 

a Learner-Controlled Environment? 

Planned contrasts with control (system control/learner control with and 

without advice) as independent variable, and mean practiced support level as 

dependent variable showed no significant difference between the system-control and 

learner control conditions regarding practiced support levels, t(151) = -0.21, p = .831. 

There was also no difference between the learner-control-with-advice and learner-

control-without-advice conditions regarding support levels, t(151) = 0.81, p = .417.  
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RQ3: Do Students Acquire Higher Domain-Specific Skills in a System-Controlled 

Than in a Learner-Controlled Learning Environment, and With or Without Advice in 

a Learner-Controlled Environment?  

Planned contrasts with control (system control/learner control with and 

without advice) as independent variable, and mean posttest scores as dependent 

variable revealed no significant difference between the system-control condition (M 

= 2.55, SD = 1.14) and the learner-control conditions (M = 2.63, SD = 0.93), t(151) = 

0.49, p = .626, regarding domain-specific skill acquisition. They also revealed no 

significant difference between the learner-control-with-advice condition (M = 2.56, 

SD = 0.92) and the learner-control-without-advice-condition (M = 2.70, SD = 0.94), 

t(151) = 0.74, p = .459 regarding domain-specific skill acquisition.  

 

RQ4: Is Conformity to Task-Selection Advice Affected by Task Value and Self-

Efficacy, and Does This Affect Domain-Specific Skill Acquisition? 

A multiple-regression analysis with task value and self-efficacy for learning and 

performance as predictors for conformity to the advice in the learner-control-with-

advice condition revealed a non-significant regression equation, F(2,47) = 2.00, p = 

.146. Task value and self-efficacy for learning and performance did not predict 

conformity to the advice (task value: b = 0.98, t(47) = 1.76, p = .085; self-efficacy for 

learning and performance: b = 0.09, t(47) = 0.19, p = .850).  

Next, we analyzed how this relates to domain-specific skill acquisition. A 

multiple-regression analysis with conformity to the advice, task value, and self-

efficacy for learning and performance as predictors for posttest scores in the learner-

control-with-advice condition revealed a significant regression equation, F(3,46) = 

3.02, p = .039, R
2
 = .16. Scoring higher on self-efficacy significantly predicted higher 

domain-specific skill acquisition, b = 0.43, t(46) = 2.34, p = .024. There was a non-

significant tendency for lower task value to predict higher domain-specific skill 

acquisition, b = -0.44, t(46) = -1.91, p = .063. Conformity to the advice did not predict 

higher domain-specific skill acquisition, b = 0.10, t(46) = 1.72, p = .093.  

 

Follow-Up Analysis  

Overall, the results suggested that there were differences between the 

conditions in their participants’ progression through the difficulty levels. We had 

expected that this would have had different effects on domain-specific skill 

acquisition, but there were no direct differences on the posttest between the 

conditions. Hence, we further investigated the effect of practiced difficulty levels on 

domain-specific skill acquisition through a regression analysis with mean practiced 

difficulty levels as a predictor of posttest scores. This revealed a significant regression 
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equation, F(1,152) = 9.58, p = .002, R
2 

= .06. Practicing higher difficulty levels was a 

significant predictor of higher posttest scores, b = 0.33, t(152) = 3.10, p = .002. 

Furthermore, a regression analysis with conformity to the advice as a predictor for 

practiced difficulty levels in the learner-control-with-advice condition revealed a 

significant regression equation, F(1,48) = 12.60, p = .001, R
2 

= .21. Higher conformity 

to the advice was predictive of practicing with higher difficulty levels, b = 0.15, t(48) = 

3.55, p = .001.  

 

Discussion 

The current study investigated the differences in effectiveness between a 

system-controlled learning environment and a learner-controlled learning 

environment, and the effects of task-selection advice in a learner-controlled 

environment for students with low prior-knowledge. The first and second research 

questions investigated whether students practice with different difficulty levels (RQ1) 

and support levels (RQ2) in a system-controlled learning environment than in a 

learner-controlled learning environment, and with or without advice in a learner-

controlled environment. The results suggested that students practice more difficult 

tasks in a system-controlled learning environment than in a learner-controlled 

environment, which is in line with other studies that suggest that system-control is 

more effective for students with low prior-knowledge (Scheiter, 2014). Furthermore, 

students practiced with more difficult tasks with advice than without advice in a 

learner-controlled environment, which suggests that providing advice is more 

effective than no advice in a learner-controlled environment (RQ1).  

However, no differences were found between the groups regarding support 

levels (RQ2). Previous task-selection studies usually combined the practiced difficulty 

and support levels for their task-selection training or advice (e.g., Corbalan et al., 

2008; Kostons et al., 2012). Similar to the current study, these other trainings and 

advices also used performance scores and mental effort ratings as measurements for 

difficulty and support. However, they combined these two parts into a single number 

of tasks that could be moved across a selection diagram, whereas these parts were 

kept separated in the advice in the current study (i.e., a separate advice for a number 

of difficulty levels and a separate advice for a number of support levels). The current 

results suggest that only the part of the advice for difficulty levels effectively changed 

which levels were practiced. Possibly, a different method is needed to determine an 

advice for support levels. Future studies could investigate this further by exploring 

different input measurements for support levels. For instance, a newly developed 

questionnaire measures the different kinds of cognitive load (intrinsic, extraneous, 

and germane) with separate ratings (Leppink, Paas, Van der Vleuten, Van Gog, & Van 



Chapter 5 

94 

Merriënboer, 2013). In task-selection studies, these different ratings could be 

assigned to different factors (e.g., intrinsic load to difficulty level, and extraneous 

load to support levels; Van Merriënboer & Kirschner, 2018). Future studies could 

investigate how these new cognitive-load measures could be used for task selections.  

Another explanation for the non-significant results regarding support levels is 

that the use of different support levels in addition to selecting a difficulty level is too 

complicated for students. Relating past performance to the difficulty of new tasks 

might be easier to understand for students than relating cognitive load to support 

levels, because difficulty levels are more emphasized in schools than support levels 

(e.g., advanced materials for high-achieving students). Combining these two factors in 

a task selection might have been especially complex for these students, because it 

could generate higher extraneous cognitive load compared to only focusing on one 

factor (Sweller et al., 2019).  

The third research question was whether students acquire higher domain-

specific skills in a system-controlled than in a learner-controlled learning 

environment, and with or without advice in a learner-controlled environment. No 

differences were found between conditions on the posttest. Nevertheless, follow-up 

analysis revealed that conformity to the advice was predictive of practicing with more 

difficult tasks and practicing with more difficult tasks was predictive of higher 

posttest scores.  

A possible explanation for these results could be that eight tasks might not 

provide enough practice time, as these tasks are rather difficult for this age group. It 

is possible that these small effects only arise when students have practiced a very 

large number of tasks instead of the usual eight. This might also be true for the 

effects on practiced support levels.  

Another explanation might be that mere practice of the tasks was already 

enough to perform well on the posttest, which could have caused all groups to 

perform well, regardless of control or advice. However, results also showed that 

practicing with higher difficulty levels was predictive of higher posttest scores, and 

that students who conformed more to the advice also practiced with more difficult 

tasks. This suggests that system-control and learner-control-with-advice, which both 

seemed to help students practice with more difficult tasks, do have the potential to 

affect the posttest scores. This supports the aforementioned explanation that the 

effects might have been larger if students had practiced with more tasks.  

The fourth research question was whether conformity to task-selection advice 

is affected by task value and self-efficacy, and whether this affects domain-specific 

skill acquisition. Results suggested that neither task value or self-efficacy were 

significantly related to conformity to the advice. As these are only first results in this 
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regard, more research is needed to further explore the roles of task value and self-

efficacy in conformity to advice. For instance, expectancy-value theory suggests that 

task value consist of several different types of values (such as utility and costs; 

Wigfield & Eccles, 2000). Future research could look more closely at the relations 

between these types and conformity to advice. Furthermore, future studies could 

also investigate whether other motivational variables might affect conformity to task-

selection advice.  

 

Limitations  

 The main limitation of this study, and similar studies, is the low amount of 

practice tasks. Practicing with eight tasks provides little time for the effects of the 

intervention to take place. Another limitation is that the learning environments 

provided the tasks in a highly structured format to the students. Actual learning 

materials are not usually this structured, thus making it more difficult to provide 

system-control or task-selection advice in the same manner. Related to this, actual 

learning materials do not usually provide different support levels for the same topic, 

which, again, makes it difficult to provide system-control or task-selection advice in 

the same manner as was done in this study.  

 

Conclusion 

The main implication of this study is that it confirms results from other studies 

that students with low prior-knowledge benefit more from working in a system-

controlled learning environment, compared to learner-control. Furthermore, in 

circumstances where learners do work in a learner-controlled environment, it is 

preferable to provide them with instructional support, such as advice. Students in a 

learner-controlled environment without advice seem to select rather easy tasks, 

whereas practicing with more difficult tasks is predictive of higher posttest scores. 

Thus, students could benefit from aids that stimulate them to select more difficult 

tasks. This study suggests that both task-selection advice and system-control can be 

effective for this purpose. 
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Appendix A 

Example of a high support task from difficulty level 1, translated from Dutch.  
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Appendix B 

This example shows how the tutor communicated a new selection in the system-

control condition (translated from Dutch). The selection diagram greyed out all 

previously-made tasks, and showed the newly selected task in white.  

 

 

 

  

You have indicated that you invested high effort (7) on your previous task, and you performed 5 

steps correctly. That is why I have selected the following task for you. Click ‘continue’ to perform this 

task.  

 

Eye 

color 

Fruit 

flies 
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Appendix C 

Performance Estimates Examples 

These are examples of how the tutor asked for a performance estimate, and how it 

responded to correct and incorrect estimates (translated from Dutch). 

 

Performance estimate: 

 

 

Response after a correct estimate: 

 

 

Response after an incorrect estimate: 

 

 

 

 

 

 

 

 

 

 

 

 

How many steps do you think you performed correctly? 

Caution: Include the steps that were already done in your count of your correctly performed 

steps. 

 0 steps 

 1 step 

 2 steps 

 3 steps  

 4 steps 

 5 steps 
 

That’s right! 

That’s not right. The five steps were: 

(1) Determine the genotypes 

(2) Make a family tree 

(3) Determine the number and direction of the contingency tables 

(4) Fill in the contingency tables 

(5) Choose the right answer from the contingency tables 

You had performed steps 1, 2, 3, 4 and 5 correctly.  
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Task-Selection Advice Example 

This is an example of the task selection advice, which the tutor gave in the learner-

control-with-advice condition (translated from Dutch).  

 

 

  

You will now select your next task. You have indicated that you invested high effort (7) on your 

previous task, and you performed 5 steps correctly.  

 

How do you choose a new task? First look at how many steps you performed correctly on your 

previous task. Use this to choose how difficult the new task should be. 

0 or 1 steps correct: Choose an easier task (one or more difficulty levels to the left). Did you 

just perform the easiest task? In that case, choose a task that is just as easy. 

2 or 3 steps correct: Choose a task that is equally difficult as the previous. 

4 or 5 steps correct: Choose a more difficult task (one or more difficulty levels to the right). Did 

you just perform the most difficult task? In that case, choose a task that is just as difficult. 

 

The difficulty of each task is indicate in the top (white) row in the table.  

 

After you have chosen how difficult the new task should be, you also have to choose how much 

instruction you want with the task. Use your answer to the question how much effort the previous 

task has cost you for this.  

low effort: Choose a task with less instruction (which is a task on which less steps are already 

done, so 1 or 2 instruction levels to the right). Did you just perform the task without any 

instruction? Then choose a task without instruction again. 

rather some effort, or rather low nor high effort: Choose a task with the same amount of 

instruction as the previous task.  

high effort: Choose a task with more instruction (which is a task on which more steps are already 

done, so 1 or 2 instruction levels to the left). Did you just perform a task with the highest amount of 

instruction? Then choose a task with the highest amount of instruction again.  

 

How much instruction you receive for each task is indicated in the second (grey) row in the table. 

The lightest-blue tasks have instructions almost everywhere, and the darkest-blue tasks have no 

instructions.  

 

You can always choose the topic of each task (for instance eye color or hair shape) all by yourself! 
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Deviation From the Advice 

The tutor asked participants to reconsider each selection that deviated from the 

advice with the following response. 

 

 

 

After selecting “yes”, the tutor asked participants to answer the open question about 

their reasons, after which they could continue to perform the originally selected task. 

After selecting “no”, they returned to the selection diagram and the advice, where 

they could make a new selection.  

 

This is not the best task that you could make according to the rules I just gave. Are you sure you want 

to perform this task? 

 Yes 

 No 

 

Write down why you would rather perform a different task. 

 



   

   

 

 

Chapter 6 
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Task selection is important for lifelong learning, as it helps people to learn 

adaptively in our society that changes at a faster pace than ever before. The aim of 

this dissertation was to investigate ways to provide guidance for selecting own 

learning tasks in secondary school students. The first study investigated how 

secondary school students select tasks (RQ1). The other three studies investigated 

what the effects are of different types of guidance on task selections (RQ2), whether 

these different guidance types, through changed task selections, enhanced domain-

specific skill acquisition (RQ3), and whether conformity to task-selection guidance is 

affected by task value and self-efficacy, and whether it affects domain-specific skill 

acquisition (RQ4). Below, we will discuss how the results from each study answer the 

research questions, and which theoretical implications and suggestions for future 

research can be derived from the results. We will conclude with discussing the 

strengths and limitations of this dissertation, and recommendations for educational 

practice.  

 

Research Question 1: How Do Secondary School Students Select Tasks? 

The aim of the first research question was to gain more insight into the task-

selection process of secondary school students, which could be used for the design of 

the guidance in the other experiments. Study 1 in Chapter 2 investigated this 

question by having participants select tasks from a graph whilst their eye movements 

were measured. After performing each task, they estimated their performance, rated 

their invested mental effort, and made a Judgment of Learning. The results suggest 

that students do not select tasks following the model for self-regulated learning-task 

selection (i.e., by considering difficulty, support, and content for each selection; the 

SRLTS model was described in this chapter). Students apparently only consider the 

task’s content when deciding which task to study next and mostly ignore its difficulty 

and support levels. Furthermore, they seem to make inaccurate self-assessments, 

which could negatively affect their decisions when selecting new tasks. Their 

overestimation of own performance is congruent with other studies that showed 

similar overestimations in novices (also known as the Dunning-Kruger effect; e.g., 

Dunning, Johnson, Ehrlinger, & Kruger, 2003) and suggests that students might 

benefit from feedback on their performance. In addition, guidance could help them 

to use their previous performance and invested mental effort for the selection of 

upcoming learning tasks. It could provide advice on how to incorporate this 

information when selecting tasks, and make students aware that they could consider 

difficulty and support in addition to content when selecting a new task.  
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Research Question 2: What Are the Effects of Different Types of Guidance on Task 

Selections?  

Studies 2, 3 and 4 (as described in Chapters 3, 4 and 5) reported on the effects 

of various types of guidance. The first experiment of Study 2 reported in Chapter 3 

compared the task selections of students who received procedural guidance to the 

selections of students who received strategic guidance and those of students who 

received no guidance. The results suggested that neither procedural nor strategic 

guidance effectively changed the task selections. A possible explanation for this result 

is that the feedback (the response to the performance estimates) and feed forward 

(the task-selection advice) in these guidance types did not match. Feedback and feed 

forward need to be simple and activating in order to be effective (Boud & Molloy, 

2013; Hattie & Timperley, 2007). The procedural feedback and strategic advice met 

this description, but the procedural advice was not activating and the strategic 

feedback was not simple. This explanation was investigated in a second experiment 

with a new type of guidance, called inferential guidance. Inferential guidance 

combined the procedural (i.e., simple) feedback with the strategic (i.e., activating) 

advice. Results from this second experiment suggest that inferential guidance 

supported the selection of more difficult tasks as well as tasks with less support. It 

also showed that students who received inferential guidance progress from easier to 

more difficult tasks, and from highly supported tasks to less supported tasks, when 

comparing their first four to their final four task selections. It also suggests that 

students have a tendency to select rather easy tasks with high support when they are 

not properly guided during task-selection. 

 Study 3 as reported in Chapter 4 also compared the selections of students in a 

guidance condition (identical to inferential guidance in Study 2) to students in a no-

guidance condition, and confirmed the results regarding the selection of difficulty 

levels, but not support. Study 4 as reported in Chapter 5 compared the selections of 

students in two learner-control conditions (i.e., with or without advice), in which the 

learner-control-with-advice condition provided inferential guidance to the students. 

The learner-control-without-advice condition was the same as the no-guidance 

conditions in Studies 2 and 3. Students in the learner-control-with-advice condition 

selected more difficult tasks than students in the learner-control-without-advice 

condition, but again no differences were found for support.  

Together, these results from Studies 2, 3 and 4 suggest that inferential 

guidance effectively stimulated students to select more difficult tasks based on their 

performance estimates. This suggests that this part of the advice (i.e., using previous 

performance as input for the selection of new difficulty levels) is a functional way for 

students to select more difficult tasks than they would have done without advice. The 
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results regarding the support levels suggest that providing guidance for the selection 

of support levels with mental effort ratings as input is not an effective way to affect 

students’ selections. A possible explanation might be that the concepts of support 

and mental effort are more complicated to understand for secondary school students 

than difficulty and performance, as the former are less commonly used in educational 

practice than the latter. Schools tend to focus more on performance scores (such as 

summative test scores) and various forms of difficulty (such as advanced school 

materials for excelling students). Thus, it is possible that this part of the advice was 

easier to understand for secondary school students than the part about support 

levels and mental effort. In addition to this explanation, it is also possible that 

understanding an advice that combined difficulty and support with different types of 

input was especially complex. Students might have experienced high extraneous load 

with this combined advice for different types of levels (Sweller, Van Merriënboer & 

Paas, 2019). A third explanation might be that this combination of mental effort 

ratings and selection of support levels is not effective. It is possible that other input 

measures, such as other cognitive load measures, are more effective. For example, 

the outcomes of a questionnaire that differentiates between intrinsic load and 

extraneous load (Leppink, Paas, Van der Vleuten, Van Gog, & Van Merriënboer, 2013) 

could provide the input for a new type of guidance that connects difficulty levels to 

intrinsic load and support levels to extraneous load. Future research could investigate 

this new possibility for guidance. Care should be taken that different ways to guide 

the selection of support levels might also affect the selection of difficulty levels and 

should thus be investigated in tandem. 

Study 4 investigated another guidance type: system control. Both learner-

control conditions were compared to a system-control condition, in which a 

computer system selected each task for students using the selection rules from the 

learner-control-with-advice condition (i.e., the inferential guidance). This system-

control condition showed to be superior in getting students to practice with more 

difficult tasks. Moreover, the results suggest that practicing with more difficult tasks 

enhances domain-specific skill acquisition, and that conforming to the advice is 

predictive of practicing with more difficult tasks. Apparently, the inferential guidance 

has the potential to be a successful aid for students for the selection of difficult tasks, 

at least, when they conform to the given advice. After all, participants in the system-

control condition go through the sequence of learning tasks in the same way as 

participants who always conform to the guidance.  
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Research Question 3: Do These Different Guidance Types, Through Changing Task 

Selections, Enhance Domain-Specific Skill Acquisition?  

In Studies 2, 3 and 4 (as reported in Chapters 3, 4 and 5), the final test results 

of students in different conditions were compared to check whether practicing with 

tasks that fit individual learning needs helps students to acquire domain-specific 

skills. We expected that students who select tasks with task-selection guidance 

practice more efficiently, because their learning tasks fit better with their individual 

learning needs. This efficient learning would then help them to score higher on a 

domain-specific skills test after practice. However, none of the results from Studies 2, 

3 and 4 show a difference in domain-specific skill performance between the guided 

and unguided conditions. Even though receiving guidance stimulated students to 

make different selections than their counterparts without guidance, practicing with 

these different tasks did not help them to perform better on the final test. 

This equal performance of guided and unguided participants regarding 

domain-specific skills is in line with the mixed findings from other studies on task-

selection guidance, which showed either small positive effects of guided groups 

(Kicken, Brand-Gruwel, Van Merriënboer, & Slot, 2009; Kostons, Van Gog, & Paas, 

2012; Taminiau, 2013) or a lower performance of procedural guidance on a domain-

specific skills test compared to a no-guidance group (Taminiau et al., 2013). This 

might possibly be explained by the use of both procedural and strategic elements for 

the design of inferential guidance. However, these elements were combined on the 

theoretical assumption that they would provide a better fit with each other than 

strictly procedural (i.e., simple, but not activating) or strictly strategic (i.e., activating, 

but not simple) elements. It does raise the question whether alternative approaches 

to task-selection guidance might provide better results, such as the aforementioned 

new approach in which difficulty and support are linked to the various types of 

cognitive load (difficulty to intrinsic load; support to extraneous load) by using a new 

questionnaire that measures these types of load separately (e.g., Leppink et al., 2013; 

Van Merriënboer & Kirschner, 2018).  

Another possible reason why the control groups performed so unexpectedly 

well on the domain-specific skills tests might be that mere practice of the tasks could 

be enough to perform well on the final test, regardless of the specific difficulty or 

support levels that students practiced. This is confirmed by our experiments in which 

participants in the control condition did not even receive feedback on their 

performance during practice, after we identified the questions leading up to the 

feedback as possible prompts in Study 2. These participants scored higher on the final 

test than expected. 
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Research Question 4: Is Conformity to Task-Selection Guidance Affected by Task 

Value and Self-Efficacy, and Does It Affect Domain-Specific Skill Acquisition? 

Results regarding the relation between conformity, task value, self-efficacy and 

domain-specific skill acquisition, are mixed. The results from Study 3 suggested with a 

significant regression equation that students’ conformity to guidance is significantly 

related to their task value and self-efficacy, but it remains unclear what the role of 

each individual predictor is. Additionally, the results from Study 4 suggested that 

conformity, task value and self-efficacy are not significantly related. These are only 

first results in this regard, and more research is needed before any claims can be 

made about this relation.  

Studies 2, 3 and 4 checked whether higher conformity is predictive of higher 

domain-specific skill acquisition. Conformity was counted as the number of times a 

student conformed to the task-selection advice, and domain-specific skill acquisition 

was defined as students’ final test scores. Study 2 shows that conforming more often 

to the inferential guidance significantly predicted higher domain-specific skill 

acquisition, but this result was not confirmed in Studies 3 and 4.  

Conformity was a significant predictor of practicing with higher difficulty levels 

in Study 4. A possible explanation for this finding is that there might be a causal 

relation between conformity and higher performance through enhanced practice. 

The guidance only suggests students move to higher difficulty levels when their 

performance is high. In theory, students who conform more could start to perform 

better, because they practice more efficiently through the adaptive tasks. This would 

cause them to reach a higher difficulty level earlier than students who conform less. 

This would explain why higher conformity predicts the selection of higher difficulty 

levels. However, the effect of more efficient practice on domain-specific skill 

acquisition through guided task selections was not confirmed in our data. More 

research is needed to investigate the relations between guidance, task selections 

made during practice, and domain-specific skill acquisition.  

 

Theoretical Implications and Future Research 

When revisiting the SRLTS model from Study 1, the findings from the other 

studies provide us with enough information to adapt the model (see Figure 1a for the 

old version of the model, and 1b for the adapted version). From Study 1, we have 

learned that students probably do not need guidance to select a variety of contents. 

Thus, we have removed the bottom line of the model, which contained the selection 

of content. Based on the findings from Studies 2, 3 and 4, we recommend providing 

procedural (i.e., simple) feedback on students’ performance estimates (arrow a) and 
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strategic (i.e., activating) advice on their selection of a difficulty level based on their 

performance scores (arrow b).  

Based on the significant relation between conformity, task value and self-

efficacy in Study 3, we still expect that a motivational factor might influence the 

effect of (conforming to) strategic advice on the selection of difficulty levels (as 

represented by arrow b), but the current results are not convincing enough to make 

any claims in that regard. Future research should focus on investigating the effects of 

motivation more thoroughly by first replicating the current results with a larger 

sample size. Next, other motivational variables than task value or self-efficacy could 

be investigated, such as autonomy. According to self-determination theory, students 

are more motivated when they experience higher autonomy (Ryan & Deci, 2000). 

Students who receive guidance retain autonomy as they are allowed to deviate from 

it. However, it is possible that they still experience less autonomy than students 

without guidance. Future research could investigate whether students’ conformity 

depends on their experienced autonomy. Furthermore, other personal variables that 

might affect students’ conformity or the relation between conformity and domain-

specific skill acquisition, like conscientiousness, could also be included.   

 The SRLTS model adds to existing SRL models in that it is a normative model 

that both students and teachers can use directly for making learning task selections. 

Furthermore, future research could also investigate whether this model is beneficial 

for the improvement of task-selection skills instead of just the selections (Raaijmakers 

et al., 2018). Comparisons could be made on transfer tests where students have to 

select tasks without advice after training with the SRLTS model.  
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a.  

 

 

b. 

Figure 1. The original SRLTS model, as presented in Study 1 (a) and the adapted 

model (b).  

 

Above all, more research is needed on the effects of task selection on domain-

specific skill acquisition. Perhaps even investigating the underlying process again (i.e., 

the fit between task characteristics and learning needs), instead of the guidance, 

might help to identify on which variables guidance could focus to provide effective 

task-selection advice. Almost all task-selection studies that used the set-up applied in 

our studies have focused on the use of performance measures, mental effort, or a 

combination of those (e.g., Corbalan, Kester, & Van Merriënboer, 2008; Kicken et al., 

2009; Kostons et al., 2012; Taminiau et al., 2013). It is possible that other variables, 

such as attention focusing (measured by eye movements), also have the potential to 

be used as input for task selections leading to very different forms of guidance than 
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the ones described here. For example, an electronic learning environment might 

adaptively respond to participants’ eye movements (e.g., fixations on easy tasks in 

the selection graph) and use that to provide adaptive guidance (e.g., advice to 

perform a more difficult task). Such systems exist and might be modified to provide 

task-selection guidance (e.g., D’Mello, Olney, Williams & Hays, 2012). The findings 

from Study 1 already suggest that eye movements can provide unique insights in the 

students’ task selection process, as they suggested a pattern (from easy to difficult, 

and from high to low support, when comparing the first four to the final four tasks) 

that was not noticeable in the other measures.  

 

Strengths and Limitations 

One of the main strengths of this dissertation is the investigation of the task-

selection process prior to developing task-selection guidance, because it shows that 

much is still unknown about this process. Future studies could build on these results 

by also investigating the effects of guidance with process measures (e.g., eye 

tracking), because that will provide more insight into any other processes that might 

influence its effectiveness. They could even use more process measures in addition to 

eye tracking, such as think-aloud protocols (Van Gog, Paas, Van Merriënboer, & 

Witte, 2005) and logging. A second strength is the development of the SRLTS model, 

which has the potential to help bridge the gap between theory and practice, as it 

provides practical recommendations for both students and teachers. A third strength 

is that all studies were conducted with secondary school students as participants, and 

almost all in a classroom setting. This gives the studies reported in this dissertation a 

high ecological validity. 

A first limitation of the conducted studies is that the tasks and task database 

we used were highly structured, whereas materials in a typical classroom setting are 

seldom this structured. It is unknown whether the results from our studies would still 

hold when the guidance is used with less structured materials. Future research could 

employ more realistic, often ill-structured materials and investigate whether the 

(inferential) guidance is still effective when used in combination with these materials, 

or what needs to be changed to make it effective on ill-structured materials. For 

instance, the support levels of the learning tasks in the studies reported in this 

dissertation are defined as the number of worked-out problem-solving steps in each 

task. Another approach could have been to replace the worked-out steps on the 

completion tasks with tips on how to solve these steps. This might resemble 

educational practice more closely, where only one worked-out example is presented, 

and teachers provide tips and tricks when students have trouble performing the tasks 

themselves. 
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The second limitation is that some of the reported studies had a rather small 

sample size. Whilst testing in classroom settings with larger sample sizes can be 

challenging for practical reasons, replication of the reported results with more 

participants is needed to verify our findings. Related to this, the educational level of 

the participants in Study 3 deviated slightly from the participants used in the other 

studies. Study 3 was the only study employing pre-vocational secondary school 

students, whereas the other samples all consisted of higher-general and pre-

university secondary school students. It is possible that the pre-vocational students 

had a lower understanding of the materials than the other participants. Future 

research should investigate this by comparing the performances on these tasks of 

participants with different educational levels, and whether they interpret the 

guidance differently.  

A third limitation is that the wording and lay-out of the advice was changed a 

little for Studies 3 and 4 to make it more readable and easier to understand for 

students, as participants in the other studies expressed that they sometimes found it 

difficult to understand. Even though we did not change the actual rules used to make 

the selection, we cannot exclude the effect of readability when comparing the results 

from the different studies. Future research should investigate the effects of wording 

and lay-out more deeply, as this might be one of the factors affecting conformity. 

After all, if students do not understand the advice, it is hard to conform to it. In 

addition, it might affect their motivation if they feel frustrated when they have to 

invest high effort to understand the advice.  

 

Recommendations for Educational Practice 

The part of the guidance regarding difficulty could be used in educational 

practice if the learning materials show a clear distinction in several difficulty levels. 

Teachers could use the performance scores to select tasks for their students that are 

adapted to their individual needs. They can take into account that it might be better 

for low-performing students to continue practicing easy tasks, whereas high-

performing students could benefit from the challenge of practicing more difficult 

tasks. In a similar way, students could be trained to use this same rule-of-thumb for 

the selection of difficulty when they are working without their teacher being present. 

For instance, when they are studying at home for a test, they can use this rule to 

determine which tasks they might select to prepare for the test.  

 Caution should be taken when applying the rules from inferential guidance on 

the selection of support levels. Our operationalization of support levels and/or the 

format of the advice for support levels was not successful, despite evidence from 

other studies that showed the value of this approach. This would need to be 
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investigated further with differently structured materials before it can be applied in 

educational practice.  

 

Conclusion 

The studies in this dissertation suggest that task-selection guidance can help 

students to select learning tasks with difficulty levels that are adapted to their 

individual learning needs, through procedural feedback on their previous 

performance and self-assessments, and strategic advice that gives learners rules-of-

thumb for how to plan their future learning. This stimulates them to select more 

difficult tasks than students who practice without guidance, and practicing with more 

difficult tasks is predictive of higher domain-specific skill acquisition as measured on a 

final test. The modified SRLTS model provides a representation of this process, which 

can be used by both teachers and students in educational practice. In the future, this 

model could be further developed through studies which employ more process 

measures such as eye-tracking and think-aloud protocols. These studies could focus 

on further exploring the selection of support levels and the effects of motivational 

variables on the task-selection process.  
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Samenvatting 

(Summary in Dutch) 

 
In de hedendaagse maatschappij is het erg belangrijk om zelf je leerproces te 

reguleren door te herkennen welke hiaten je kennis en vaardigheden bevatten en 

door activiteiten te ondernemen die deze hiaten dichten. Zelfs op de middelbare 

school is dit al van belang. De studies die in dit proefschrift worden gerapporteerd 

onderzochten bij middelbare scholieren wat het effect is van verschillende vormen 

van advies op het selecteren van leertaken. Daarnaast is ook het effect van dit advies 

op het aanleren van domeinspecifieke vaardigheden en motivatie onderzocht. 

Bovendien is gekeken naar de effecten van conformeren aan het advies en 

voornoemde variabelen. Elk experiment volgde ongeveer dezelfde methode: 

middelbare scholieren maakten eerst een voorkennistoets en bekeken een aantal 

trainingsvideo’s. Hierna selecteerden en oefenden zij acht geneticataken uit een 

selectiediagram, waarin 75 taken waren ingedeeld op basis van hun 

moeilijkheidsniveau en ondersteuningsniveau. Deze taken bestonden altijd uit 

dezelfde vijf probleemoplosstappen. Na het oefenen maakten zij een eindtoets om 

verworven domeinspecifieke vaardigheden te meten.  

 De eerste onderzoeksvraag in dit proefschrift is: Hoe selecteren middelbare 

scholieren taken? Studie 1 (Hoofdstuk 2) onderzocht deze vraag aan de hand van het 

‘Model for Self-Regulated Learning-Task Selection’ (SRLTS model). Dit is een 

normatief model en kan door zowel docenten als leerlingen worden gebruikt bij het 

selecteren van leertaken. Het model beschrijft hoe het moeilijkheidsniveau van 

leertaken kan worden gekozen op basis van prestatieschattingen, hoe 

ondersteuningsniveaus kunnen worden gekozen op basis van inschattingen van 

mentale inspanning, en hoe de inhoud van leertaken kan worden gekozen op basis 

van ‘judgments-of-learning.’ Dit model is onderzocht in een experiment waarbij de 

proefpersonen na het uitvoeren van iedere taak werd gevraagd om hun prestatie te 

schatten, hoeveel inspanning ze hadden geleverd tijdens de taak en hoe ze 

verwachten te presteren op een soortgelijke taak op een (fictieve) toets. Daarnaast 

werd hen na elke selectie gevraagd om aan te geven waarom ze voor die taak hadden 

gekozen. Uit de resultaten bleek dat leerlingen hun eigen prestatie overschatten en 

dat de selecties die ze maakten afweken van de taken die ze volgens het model het 

beste hadden kunnen kiezen. Bovendien bleek dat de leerlingen hun keuze 

voornamelijk op inhoud baseerden, maar zelden op moeilijkheid of ondersteuning.
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Wanneer de oogbewegingen tijdens het selecteren van de eerste vier taken met de 

oogbewegingen tijdens het selecteren van de laatste vier taken werd vergeleken, dan 

bleek dat de leerlingen tijdens de eerste vier taken langer fixeerden op makkelijke 

taken met gemiddelde ondersteuning en tijdens de laatste vier taken sneller naar de 

moeilijkere taken keken. Dit suggereert dat de leerlingen wel enig besef hadden van 

de processen die het model beschrijft, maar dit kwam niet naar voren in de 

argumentatie voor hun keuze. Al met al suggereren de resultaten dat leerlingen baat 

zouden kunnen hebben bij taakselectie-advies, met name voor het selecteren van 

moeilijkheids- en ondersteuningsniveaus. 

 De tweede, derde en vierde onderzoeksvragen waren achtereenvolgens: ”Wat 

zijn de effecten van verschillende soorten advies op taakselecties?”, “Kunnen de 

verschillende soorten advies, door het veranderen van geselecteerde taken, het 

aanleren van domeinspecifieke vaardigheden verhogen?” en “Wordt het 

conformeren aan taakselectie-advies beïnvloed door ‘task value’ en ‘self-efficacy’ en 

is dit van invloed op het aanleren van domeinspecifieke vaardigheden?” Studie 2 

(Hoofdstuk 3) onderzocht deze vragen in twee experimenten waarin verschillende 

soorten taakselectie-advies werden onderzocht. In het eerste experiment werden 

procedureel advies, strategisch advies en geen advies met elkaar vergeleken. 

Procedureel taakselectie-advies bestaat uit exacte selectieregels waarbij het niet 

mogelijk is ervan af te wijken. Strategisch advies bestaat uit vuistregels waarbij 

ruimte is om daarbinnen een eigen keuze te maken. In elke conditie werd de 

proefpersonen na elke taak gevraagd om hun prestatie te schatten op die taak, en 

om aan te geven hoeveel inspanning het maken van de taak ze had gekost. Het 

procedurele advies gaf exacte feedback op de prestatieschatting door aan te geven 

hoeveel stappen de leerling goed had uitgevoerd. De prestatiescore en geleverde 

inspanning werden vervolgens gebruikt om een exact advies te geven, waarbij de 

prestatiescore werd gekoppeld aan het moeilijkheidsniveau en de geleverde 

inspanning aan het ondersteuningsniveau. Voor de selectie van inhoud werd geen 

advies gegeven. Het advies gaf altijd aan om precies één niveau hoger, één niveau 

lager, of hetzelfde niveau te selecteren. Het strategische advies gaf meer algemene 

feedback op de prestatie door aan te geven of de proefpersonen meer, minder of 

hetzelfde aantal stappen goed hadden als hun schatting. Daarnaast hanteerde het 

strategische advies dezelfde regels als het procedurele advies, maar formuleerde 

algemener om naar een hoger of lager niveau te gaan in plaats van specifiek één 

niveau. In de conditie zonder advies werd leerlingen wel gevraagd om hun prestatie 

en geleverde inspanning te schatten na elke taak, maar zij kregen hierna geen 

feedback en geen taakselectie-advies. Uit de resultaten kwamen geen verschillen 

naar voren tussen de condities in gekozen moeilijkheids- en ondersteuningsniveaus, 
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en geen verschillen in de verworven domeinspecifieke vaardigheden. Ook het aantal 

keer dat proefpersonen conformeerden aan het advies bleek geen significante 

voorspeller voor de verworven domeinspecifieke vaardigheden.  

 Een mogelijke verklaring voor het uitblijven van een effect van de 

verschillende soorten advies was dat de feedback en de regels niet goed op elkaar 

aansloten, omdat deze effectiever zijn in een simpele en activerende vorm. De 

procedurele feedback was wel simpel, maar de procedurele selectieregels waren niet 

activerend. Daarentegen waren de strategische vuistregels wel activerend, maar de 

strategische feedback was niet simpel. Een combinatie van procedurele (simpele) 

feedback en strategische (activerende) vuistregels zou dus in theorie beter op elkaar 

kunnen aansluiten. Daarom werd in een tweede experiment een nieuwe vorm van 

advies getest: inferentieel advies, wat bestond uit de procedurele feedback en de 

strategische vuistregels. Daarnaast bestond het vermoeden dat de vragen naar 

prestatie en geleverde inspanning in de conditie zonder advies de leerlingen 

onbedoeld een vorm van advies gaven, omdat ze hierdoor mogelijk gingen nadenken 

over deze variabelen. Daarom werd een nieuwe conditie zonder advies ontworpen 

waarin deze vragen niet meer werden gesteld. Uit de resultaten van dit tweede 

experiment bleek dat de leerlingen in de inferentiële adviesconditie moeilijkere taken 

hadden gekozen dan leerlingen in de conditie zonder advies. Daarnaast hadden zij 

tijdens de laatste 4 taken ook voor minder ondersteuning gekozen dan leerlingen in 

de conditie zonder advies. Er waren echter geen verschillen in de verworven 

domeinspecifieke vaardigheden. Het vaker conformeren aan het advies bleek 

daarentegen wel voorspellend te zijn voor hogere verworven domeinspecifieke 

vaardigheden.  

 In Studie 3 (Hoofdstuk 4) werd het tweede experiment uit Studie 2 herhaald 

en uitgebreid met de motivatievariabelen ‘task value’ en ‘self-efficacy’ om te 

onderzoeken waarom leerlingen in wisselende mate conformeerden aan het advies. 

Uit de resultaten bleek opnieuw dat leerlingen na het volgen van inferentieel advies 

moeilijkere taken selecteerden dan leerlingen in de conditie zonder advies. Hiermee 

werd het resultaat uit Hoofdstuk 3 gerepliceerd. Daarentegen werd nu geen verschil 

gevonden voor de geselecteerde ondersteuningsniveaus, en wederom geen verschil 

in verworven domeinspecifieke vaardigheden. Bovendien was vaker conformeren 

ditmaal geen significante voorspeller voor verworven domeinspecifieke 

vaardigheden. Er leek wel een verband te zijn tussen conformeren en de 

motivatievariabelen, maar het was niet duidelijk of dit verband voornamelijk door 

‘task value’, ‘self-efficacy’ of beiden teweeg werd gebracht.  

 In Studie 4 (Hoofdstuk 5) werden het inferentiële advies en de conditie zonder 

advies vergeleken met een conditie waarin alle taken door een computersysteem 



Samenvatting 

124 

werden geselecteerd. Deze computerselectie vond plaats op basis van dezelfde regels 

die het inferentiële advies gebruikte. Uit de resultaten bleek dat het 

computersysteem significant moeilijkere taken selecteerde dan de leerlingen zelf in 

de andere condities selecteerden. Daarnaast werd wederom het resultaat 

gerepliceerd dat leerlingen na het volgen van inferentieel advies moeilijkere taken 

selecteerden dan leerlingen in de conditie zonder advies. Er werd opnieuw geen 

verschil gevonden in geselecteerde ondersteuningsniveaus, en geen verschil tussen 

de verworven domeinspecifieke vaardigheden. Daarnaast leek nu geen verband 

aanwezig te zijn tussen conformeren en motivatie, en niet tussen conformeren en 

verworven domeinspecifieke vaardigheden. Wel leken hogere ‘self-efficacy’ en lagere 

‘task value’ voorspellend te zijn voor hogere verworven domeinspecifieke 

vaardigheden, maar dit was geen sterk effect.  

 In Hoofdstuk 6 worden de vier studies samengevat en bediscussieerd. De 

studies in dit proefschrift hebben het taakselectieproces in kaart gebracht en het 

effect van advies hierop onderzocht. Ze geven weer dat de combinatie van 

procedurele feedback en strategisch advies een goede combinatie kan zijn voor het 

selecteren van moeilijkheidsniveaus. Het SRLTS model is op basis van deze resultaten 

ontwikkeld als een nieuw normatief model voor het selecteren van leertaken. Dit 

model kan door zowel docenten als leerlingen worden gebruikt als hulpmiddel bij het 

selecteren van de moeilijkheidsniveaus van leertaken. Meer onderzoek is nodig naar 

het succesvol begeleiden van de selectie van ondersteuningsniveaus, en naar de rol 

van motivatie. 
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Dankwoord 

 
What do I know and where do I go? De afgelopen jaren zijn een lange reis geweest. Ik 

heb mooie wegen bewandeld, maar ook moeilijke wegen met obstakels, hordes en 

heel veel beren. Ik ben onderweg vaak verdwaald. Gelukkig had ik veel medereizigers 

zonder wie ik niet ver zou zijn gekomen. Ik wil graag iedereen bedanken die ik 

onderweg heb ontmoet, iedereen die de reis heeft volgehouden, iedereen die mij de 

weg heeft gewezen wanneer ik die kwijt was, en iedereen die hoe dan ook met mij 

meereist.  

 

Allereerst wil ik natuurlijk mijn promotoren bedanken voor hun steun, toewijding, 

doorzetting, begrip en enorme geduld tijdens dit traject. Liesbeth, je bent een 

geweldige begeleider geweest. Je inhoudelijke expertise was onfeilbaar, net als je 

steun en betrokkenheid. Je wist mij altijd te motiveren en zelfvertrouwen te geven 

wanneer ik dit nodig had. Ik ben nog steeds erg blij dat ik je naar Utrecht ben gevolgd, 

waar jouw deur altijd voor mij open stond. Jeroen, ook jouw bijdrages aan mijn 

proefschrift zijn onmisbaar geweest. Je wist altijd razendsnel de juiste feedback te 

geven. Zelfs wanneer alle resultaten onmogelijk leken wist jij toch altijd weer met een 

mooie verklaring te komen. Ik waardeer je positieve, kalme en nuchtere houding. 

Halszka, ook jouw feedback heb ik erg gewaardeerd. Daarnaast was jouw support 

tijdens alle conferenties, presentaties, dataverzamelingen en soortgelijke 

stressmomenten onmisbaar. Je kon altijd net dat stukje ondersteuning geven wat 

niets met de inhoud van het project te maken had, maar wel essentieel was.  

 

Ook de andere projectleden wil ik graag bedanken voor de fijne samenwerking. 

Steven, Jimmie, Lydia, Martine, Tamara en Fred, bedankt voor alle fijne overleggen 

met input en feedback op mijn deel van het project. Daarnaast ook veel dank aan alle 

leraren en leerlingen van het Graaf Huyn College, Amstelveen College en CSG Willem 

van Oranje die hebben meegewerkt aan het onderzoek. Zonder jullie bijdrage was dit 

proefschrift niet mogelijk geweest. 

 

De afgelopen jaren waren een reis van Klaaswaal naar Rotterdam naar Heerlen naar 

Utrecht en Vianen. Ik wil alle lieve en leuke collega’s van de Open Universiteit en de 

Universiteit Utrecht bedanken die ik onderweg heb mogen ontmoeten. 
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Allereerst natuurlijk de 2 collega’s die al het langst met mij meereizen. Vincent, ik 

vond het erg leuk dat we in Utrecht weer opnieuw collega’s werden. Je optimisme en 

enthousiaste houding waardeer ik net zo veel als je liefde voor katten. Johan, na onze 

gezamenlijke jaren in Heerlen was ik erg verheugd dat je kort na mijn vertrek richting 

Utrecht ook deze kant op kwam. Gelukkig hebben we nog steeds contact nu je in 

Rotterdam werkt, hoewel ik onze koffiemomentjes erg mis. Je bent echt een coach 

geweest, of het nu over onderzoek, onderwijs of sollicitaties ging. Ik vind het nog 

steeds heerlijk om met je bij te praten over de laatste onderwijskundige 

ontwikkelingen en natuurlijk over de laatste roddels van “onze” universiteiten. 

 

Van de Limburgse aio’s wil ik in het bijzonder Inge en Joyce bedanken. Inge, dank je 

voor al je gezelligheid tijdens de eindeloze BKO- en ICO-cursussen. Ik heb veel van je 

geleerd (vooral over visolie) en heb bewondering voor je tomeloze enthousiasme en 

inzet voor onderzoek en gezonde voeding. Joyce, bedankt dat je mij destijds hebt 

meegevraagd naar je danslessen. Het heeft mijn Limburgse jaren iets minder grijs 

gemaakt. 

 

Ook alle kamergenoten van de afgelopen jaren wil ik graag bedanken, in het 

bijzonder de kaliumtartraatkamergenoten Eva, Monika, Renée, Steven en Tim. 

Bedankt voor de gezelligheid, liters koffie, ontelbare kattenfoto’s, en in het bijzonder 

heel veel dank dat het raam altijd open mocht voor mij. 

 

Verder wil ik ook mijn nieuwe collega’s van het UMC Utrecht graag bedanken. Op 

mijn eerste dag vertrouwde Marieke mij toe dat ik in een enorm leuk team zou gaan 

werken en daar bleek ze helemaal gelijk in te hebben. Adriana, Anneke, Annet, 

Bastiaan, Clara, Claudia, Hetty, Ilona, Isabel, Jordy, Judith, Lenneke, Nicole, Roos, 

Sjoukje, Sophie en Tineke: bedankt voor het warme welkom in jullie team en alle 

gezelligheid. Julie inzet voor het onderwijs en de studenten is geweldig. Ik hoop dat ik 

daar in onze samenwerking nog lang van mag genieten.  

 

Naast alle collega’s zijn ook privé veel mensen voor mij op allerlei manieren een 

steun en toeverlaat geweest.  

 

Nadine en Nicolien, bedankt voor alle etentjes, koningsdagfeestjes, 

nieuwjaarsfeestjes en alle andere leuke dingen die we samen hebben ondernomen. 

Wie weet kom ik ooit nog eens bij jullie in Oud-Beijerland wonen. Gelukkig is de 

fysieke afstand tussen ons nooit een belemmering geweest voor ons contact.  

 



  Dankwoord 

  127 

Marlies, ik ben erg blij dat ons contact de laatste jaren steeds hechter is geworden en 

ik hoop dan ook dat dit nog lang zo zal blijven. Binnenkort weer een uitje naar de 

Kunsthal? 

 

Verder wil ik graag alle fellow nutcases bedanken die ik de afgelopen jaren heb 

mogen ontmoeten. Jullie zijn allemaal uniek, bijzonder en fantastisch op jullie eigen 

manier. Bedankt voor alle eerlijkheid, steun, humor, voorgehouden spiegels, troost, 

tissues, tranen en warme knuffels. Nathanja, bedankt voor alle baaldagen waarop jij 

als frietconnaisseur mij meenam naar de snackbar. Daar kon ik altijd mijn hart bij je 

luchten. Yelske, ik bewonder je creativiteit, zachtmoedigheid en enorme 

doorzettingsvermogen. Ik word elke keer vrolijk als ik je zie en geniet van al onze 

ontmoetingen.  

 

Speciale dank aan alle piano- en dansdocenten van de afgelopen jaren. Muziek geeft 

klank en kleur aan het leven. In het bijzonder wil ik Flor Verhey bedanken. Onder 

jouw begeleiding is mijn pianospel met enorme sprongen vooruit gegaan. Ook je 

betrokkenheid bij zowel mijn proefschrift als privé waardeer ik enorm. Je bent het 

schoolboekvoorbeeld van een goede docent. 

 

Mama, dank je wel voor al je schoonmaakhulp, kledingverstelhulp en verhuishulp op 

alle momenten dat ik weer eens ergens anders ging wonen. Papa, dank je wel dat je 

er voor mij was, dat je antwoord had op al mijn vragen en dat je mij troostte als ik 

verdriet had. Jij was de eerste die mij liet zien wat het is om een passie te hebben. Ik 

ben bang dat ik nooit erg goed zal leren schaken, maar je liefde voor Franse chansons 

blijkt gelukkig makkelijker over te nemen. Ik wou dat je hier was. Ik mis je nog steeds.  

 

Het laatste dankwoord is natuurlijk voor Lisa en Alexandra. Op alle lichte, maar ook 

de meest duistere momenten zijn jullie er voor mij geweest. Iedereen zou vrienden 

zoals jullie moeten hebben. Ik geniet van al onze momenten samen: de telefoontjes, 

skypesessies, kopjes thee, en natuurlijk alle heerlijke logeerweekenden. Er zijn niet 

genoeg woorden om jullie te bedanken voor alles wat jullie voor mij over hebben: 

eindeloze raadgevingen, ontelbare knuffels, het bezoeken van ‘ouderavonden’, altijd 

aanwezige schouders om op uit te huilen, en midden in de nacht mee gaan om 

vallende sterren te kijken bij een volledig bewolkte lucht. Alexandra, je bent zoveel 

wijzer en slimmer dan je zelf lijkt te denken. Jouw verstandige houding en klankbord 

helpen mij altijd weer verder, ook al is dat misschien niet altijd meteen zichtbaar. 

Lisa, ik kan nog steeds zoveel leren van jouw nuchtere en positieve instelling. Je weet 

echt van aanpakken en elk probleem lijkt zoveel kleiner nadat ik het met jou heb 
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besproken. Ik hoop dat er nog vele reisjes zullen zijn naar Texel, Bodegraven of waar 

we dan ook nog terecht zullen komen. Ik verheug mij er op om later met zijn drieën in 

een bejaardentehuis nog steeds samen groene jasmijnthee te drinken. Ik zou nergens 

zijn zonder jullie. 

 

What do I know and where do I go? Ondanks alle omzwervingen is alles toch nog op 

zijn pootjes terecht gekomen. Een kat heeft tenslotte 9 levens. Ik heb obstakels 

omzeild, hordes genomen en angsten overwonnen. Uiteindelijk is de bestemming dan 

toch bereikt. Of is het slechts een tussenstop? Ik weet het niet, maar ik kan niet 

wachten om verder te reizen. 
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