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Chapter 1 
Introduction
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The ability to self-regulate one’s own learning is increasingly 

important in current society. Self-regulated learners are those who 

are “metacognitively, motivationally, and behaviorally active 

participants in their own learning process” (Zimmerman, 1986, p. 

308). In almost every line of work it is necessary to regularly update 

one’s knowledge and skills. For instance, imagine a woodworker who 

has to acquaint herself with new developments in woodworking, 

such as laser cutting technology, to stay ahead in the market, or a 

nurse who has to keep himself up to date concerning the latest 

evidence-based practice. Because it is important for people to keep 

learning after formal education, they have to be flexible and ready to 

acquire new knowledge and skills. Not surprisingly, therefore, lifelong 

learning is recognized as one of the key competences for the 21st 

century that education needs to develop (European Council, 2006). 

Hence, contemporary secondary education needs to help learners 

acquire the skills to self-regulate their own learning process. 

 

1.1 Self-regulated learning 

Self-regulated learning is a complex phenomenon, and there 

are many models of the phases and cognitive processes involved in 

self-regulated learning (e.g., Boekaerts, 1995; Nelson & Narens, 1990; 

Pintrich & De Groot, 1990; Winne & Hadwin, 1998; Zimmerman & 

Schunk, 2001). Although the specifics of these models may differ, 

they share general features. For instance, three phases can be 

distinguished in self-regulated learning: a planning phase, a 

performance phase, and a reflection phase (Puustinen & Pulkkinen, 

2001). Learners will not go through these phases in a linear fashion, 

but will rather switch between phases whenever necessary (Winne & 

Hadwin, 2008). Central processes in most models of self-regulated 

learning (and in this switching among phases) are monitoring (i.e., 

keeping track of the learning process) and control (i.e., adapting the 

learning process; De Bruin & Van Gog, 2012; Griffin, Wiley, & Salas, 

2013; Winne & Hadwin, 1998). 

The model by Nelson and Narens (1990) best illustrates the 

monitoring and control processes in self-regulated learning. The 

model posits an object level (the actual learning process) and a meta-

level (representation of the learning process). The object-level 

informs the meta-level (i.e., monitoring). In turn, the meta-level can 

change (i.e., control) the object-level (see Figure 1.1). Because of this 
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hierarchical relation, monitoring is considered a necessary but 

insufficient condition for control (and therefore, for self-regulation).  
 

 
 

Figure 1.1: Relation between monitoring and control (Nelson & Narens, 
1990). 

Monitoring and control have been studied at different levels. 

At the item level, learners typically monitor their comprehension of a 

text by predicting their performance on a future test, and make a 

decision on whether they would have to restudy that text (e.g., 

Thiede, Anderson, & Therriault, 2003). At the task or topic level, 

learners typically have to monitor their understanding of a certain 

topic and make decisions on what to study and for how long (e.g., 

Azevedo & Cromley, 2004). Finally, at the task-sequence level, 

learners typically need to monitor how well they performed a 

learning task after completing it (referred to as ‘self-assessment’ here, 

to distinguish it from monitoring during task performance), and then 

select a suitable subsequent task (e.g., Corbalan, Kester, & Van 

Merriënboer, 2008). This dissertation is concerned with the task-

sequence level. 

Research on all three of those levels has shown that learners 

who accurately monitor and control their learning, are more 

effective, that is, show higher learning outcomes (Dunlosky & 

Rawson, 2012; Kornell & Bjork, 2008; Kostons, Van Gog, & Paas, 

2012; Son & Metcalfe, 2000; Thiede, Anderson, & Therriault, 2003; 
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see also Bjork, Dunlosky, & Kornell, 2013). However, there is also 

ample evidence that most learners are not able to accurately monitor 

and control their learning without any support (Bol & Hacker, 2001; 

Kostons, Van Gog, & Paas, 2010; Kruger & Dunning, 1999; Maki, 

Shields, Wheeler, & Zacchilli, 2005; Nietfeld, Cao, & Osborne, 2005; 

Winne & Jamieson-Noel, 2002). 

As accurate monitoring is a necessary condition for effective 

self-regulated learning (but not sufficient; i.e., even with accurate 

monitoring self-regulated learning can be ineffective), much research 

has focused on improving learners’ monitoring. The conceptual 

framework often used to explain (and predict) the effectiveness of 

interventions is the cue utilization framework (Koriat, 1997). 

According to this framework, learners’ monitoring is inaccurate when 

they use cues with low diagnosticity (i.e., cues that do not correlate 

with their actual performance on the test) and interventions that 

increase learners’ use of cues with a high diagnosticity for actual 

performance will improve monitoring accuracy.  

There are several hypotheses as to why learners use cues 

with low diagnosticity to monitor their learning. One hypothesis 

states that students do not possess the necessary knowledge and 

abilities to accurately monitor their learning (limited competence 

hypothesis; Rawson & Dunlosky, 2007). In other words, students 

need domain knowledge to recognize that they lack certain domain 

knowledge. Consequently, learners who lack domain knowledge fail 

to recognize what they do and do not yet know (Kruger & Dunning, 

1999). A related hypothesis posits that students cannot monitor their 

learning accurately because they lack an objective standard of what 

constitutes good performance (absence of standard hypothesis; 

Rawson & Dunlosky, 2007).  

Different interventions that improve monitoring accuracy 

have been developed, which seem to increase learners’ use of 

diagnostic cues. For instance, having students engage in generative 

activities such as (delayed) summary writing (Anderson & Thiede, 

2008), diagram completion (Van Loon, De Bruin, Van Gog, Van 

Merriënboer, & Dunlosky, 2014), or worked example completion 

(Baars, Visser, Van Gog, De Bruin, & Paas, 2013) provides them with 

experiential cues that are diagnostic for their later test performance. 

Providing learners with objective standards to which to compare 

their performance has also been shown to improve monitoring 

1 
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accuracy (e.g., Baars, Vink, Van Gog, De Bruin, & Paas, 2014; 

Dunlosky, Hartwig, Rawson, & Lipko, 2010; Lipko, Dunlosky, Hartwig, 

Rawson, Swan, & Cook, 2009). 

Inaccurate monitoring can mean both underestimation and 

overestimation of one’s own performance, although most students 

are inclined to overestimate their performance (Dunning, Heath, & 

Suls, 2004). Both underestimation and overestimation are 

problematic for control processes. When students underestimate 

their performance, they might choose to perform tasks they have 

already mastered, which take up study time that would have been 

better spent on more difficult or other tasks. On the other hand, 

when students overestimate their performance, they might choose 

tasks that are too difficult, which might be disappointing or 

demotivating (Metcalfe & Kornell, 2005). Consequently, both 

underestimation and overestimation may lead to ineffective self-

regulated learning. 

However, as mentioned earlier, accurate monitoring is a 

necessary but not sufficient condition for accurate control. Without 

accurate monitoring, it is unlikely that students would select 

subsequent tasks that are suitable for their level of knowledge or skill. 

Even when monitoring is accurate, however, self-regulated learning 

can be ineffective because it requires accurate monitoring and 

accurate control (Thiede, Anderson, & Therriault, 2003). However, 

improving monitoring accuracy would only aid control when 

students actually consider their monitoring judgments when making 

study decisions. Moreover, accurate control requires other factors to 

be considered as well (e.g., the learning goals, complexity of the task, 

et cetera). Therefore, it is important to improve both monitoring and 

control skills which is the central aim of the studies reported in this 

dissertation. As the studies reported in this dissertation focus on the 

task-sequence level, monitoring is operationalized as self-assessment 

after task performance (i.e., retrospective) and control as the 

selection of a subsequent task. 

 

1.2 Training self-assessment and task-selection skills 

The studies in this dissertation build on and extend the self-

assessment and task-selection training study by Kostons et al. (2012). 

They used video modeling examples to train secondary school 

students’ self-assessment and task-selection skills on problem-solving 
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tasks in the domain of biology (monohybrid cross problems). The 

models in those video examples demonstrated how to perform a 

problem-solving task, self-assess performance on that task, and 

select a suitable next task from a task-database with problems at 

different levels of complexity and support. Task selection was based 

on a simple algorithm combining their self-assessed performance 

and perceived mental effort. For instance, high performance with 

low effort would lead to the recommendation to choose a task that 

was more complex or offered less support (cf. principles of adaptive 

task selection, see also Corbalan, Kester, Van Merriënboer, 2008; 

Salden, Paas, & Van Merriënboer, 2006). 

All students observed the problem-solving part of the 

modeling examples, which were screen recordings of the models 

writing out their solution to a problem-solving task while thinking 

aloud. Students in the training conditions additionally observed how 

the models self-assessed their performance, how they selected a 

new task, or both. In the first experiment, it was shown that the video 

modeling training improved self-assessment and task-selection skills, 

but that both skills needed to be trained. In the second experiment, 

students first received training with the video modeling examples (or 

–in the control condition– saw only the problem-solving part), and 

then went on to an e-learning environment in which they could 

successively select eight tasks of their own choice from the task 

database. This was followed by a posttest. Students who had 

received the self-assessment and task selection training 

outperformed students who did not receive that training on the 

posttest. This shows that self-assessment and task-selection training 

increased the effectiveness of the self-regulated learning phase.  

 

1.3 Research questions and overview of studies in this dissertation 

The results by Kostons et al. (2012) were encouraging as they 

suggested that training self-assessment and task selection skills can 

improve self-regulated learning outcomes. However, it remained an 

open question whether students would be able to use the acquired 

skills effectively in other domains, with problem-solving tasks that 

might differ in the number of steps that would have to be assessed, 

or task-databases that would differ in the number of complexity or 

support levels (i.e., if transfer occurs). Therefore, the first question 

addressed in this dissertation is:  

1 

14731 - Raaijmakers_BNW.indd   12 05-01-18   07:57



 13 

 

Do trained self-assessment and task-selection skills transfer?  
 

This question was addressed in the studies in Chapters 2 and 3. 

Chapter 2 describes a series of experiments that aimed to 1) replicate 

the findings by Kostons et al. (2012) that self-assessment and task 

selection training through video modeling examples positively affects 

self-regulated learning outcomes (i.e., posttest performance after 

engaging in self-regulated learning), 2) investigate whether training 

with a more general heuristic task-selection rule would be more 

effective than the algorithmic rule used by Kostons et al., and 3) 

investigate whether task-selection skills transfer, by having students 

select a new task for a fictitious peer student based on a scenario in 

which this student’s performance and effort on a math task was 

described (the structure of the math problems and task database 

differed from the biology problems on which students had been 

trained). 

The experiment presented in Chapter 3 featured the same 

conditions as in Chapter 2 (no, algorithmic, or heuristic self-

assessment and task-selection training). Transfer was investigated by 

first training students with the video modeling examples in the 

domain of biology and then having them engage in self-regulated 

learning in math (with problems and a task database of a different 

structure than in the training with biology problems), followed by a 

posttest on similar math problems. 

The second question addressed in this dissertation, is 

concerned with further improving self-assessment accuracy after 

training: 

 

Can self-assessment accuracy be further improved after training, by 

providing feedback on the accuracy of students’ self-assessments? 

 

That is, even though the training through video modeling examples 

improved self-assessment accuracy in the study by Kostons et al. 

(2012), there was room for further improvement in self-assessment 

accuracy and the large variance in the training conditions suggested 

that some students might need additional support after the training in 

order to more accurately assess their own performance. 

1 
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Therefore, the two experiments presented in Chapter 4 

investigated whether providing students with feedback focused on 

the accuracy of their self-assessments (hereafter referred to as self-

assessment feedback) would improve the accuracy of later self-

assessments in the absence of the feedback, as well as their task-

selection accuracy. In Experiment 1, this was investigated by 

providing students with the self-assessment and task-selection 

training and then having them complete three problems on which 

they self-assessed their performance. Depending on assigned 

condition, they received no feedback, general self-assessment 

feedback, which indicated whether a self-assessment was correct or 

incorrect and how many steps had been performed correctly, or 

more specific feedback, which also indicated which steps had been 

performed correctly or incorrectly. In Experiment 2, participants 

received no feedback, general self-assessment feedback plus 

information on what the correct answers were, or general self-

assessment feedback information on what the correct answers were 

with the opportunity to contrast those with their own answers. In 

both experiments, the learning phase with self-assessment feedback 

was followed by a test phase without feedback, which allowed for 

determining whether the feedback would improve self-assessment 

and task-selection accuracy in the absence of the feedback. 

Finally, the third question addressed in this dissertation 

concerns the effects of performance feedback (i.e., making learners 

aware that they did better or worse than they expected, as e.g., the 

self-assessment feedback in Chapter 4 did) on perceived effort 

investment: 

 

Would positive or negative feedback on students’ performance, 

making them aware that they did better or worse than they expected 

alter students’ self-reported mental effort investment? 

 

If so, then this would be important to take into account (i.e., by 

asking effort ratings before providing feedback) in a paradigm in 

which task selections are based on self-assessed task performance 

and self-reported mental effort invested in the task (cf. Kostons et al., 

2012; Chapters 2-4). 

Therefore, the effect of feedback valence (i.e., negative or 

positive) on the perceptions of mental effort was investigated in 

1 
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Chapter 5 using feedback that was not actually related to 

performance (i.e., manipulated feedback). In three experiments, 

students were presented with problem-solving tasks and received 

either positive, negative, or no feedback, prior to asking them to rate 

how much mental effort they invested in solving that problem. The 

first two experiments used complex but knowledge-lean problem-

solving tasks and participants either received no feedback or were 

informed that they performed the task correctly (positive feedback 

condition) or incorrectly (negative feedback condition) prior to rating 

how much effort they invested in solving the problem. The third 

experiment was conducted with materials taken directly from 

educational practice (biology problems; cf. Chapters 2-4) and 

participants either received no feedback, or were informed that their 

performance was higher than their self-assessed performance 

(positive feedback) or lower than their self-assessed performance 

(negative feedback) prior to rating how much effort they invested in 

solving the problem. 

Finally, Chapter 6 presents a summary and discussion of the 

main findings from these studies. Theoretical and practical 

implications of the main findings are addressed, as well as possible 

avenues for future research. 
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Abstract 

 
Self-assessment and task-selection skills are crucial in self-regulated 

learning situations in which students can choose their own tasks. 

Prior research suggested that training with video modeling examples, 

in which another person (the model) demonstrates and explains the 

cyclical process of problem-solving task performance, self-

assessment, and task-selection, is effective for improving 

adolescents’ problem-solving posttest performance after self-

regulated learning. In these examples, the models used a specific 

task-selection algorithm in which perceived mental effort and self-

assessed performance scores were combined to determine the 

complexity and support level of the next task, selected from a task 

database. In the present study we aimed to replicate prior findings 

and to investigate whether transfer of task-selection skills would be 

facilitated even more by a more general, heuristic task-selection 

training than the task-specific algorithm. Transfer of task-selection 

skills was assessed by having students select a new task in another 

domain for a fictitious peer student. Results showed that both 

heuristic and algorithmic training of self-assessment and task-

selection skills improved problem-solving posttest performance after 

a self-regulated learning phase, as well as transfer of task-selection 

skills. Heuristic training was not more effective for transfer than 

algorithmic training. These findings show that example-based self-

assessment and task-selection training can be an effective and 

relatively easy to implement method for improving students’ self-

regulated learning outcomes. Importantly, our data suggest that the 

effect on task-selection skills may transfer beyond the trained tasks, 

although future research should establish whether this also applies 

when trained students perform novel tasks themselves. 
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2.1 Introduction 
Fostering students’ ability to engage in effective self-

regulated learning is an important goal of secondary education, as it 

prepares students for the demands of higher education or workplace 

learning. Self-regulated learning abilities are also associated with 

better academic achievement across childhood and adolescence 

(Dent & Koenka, 2016). Meta-analyses of self-regulation training 

programs show that self-regulated learning skills can be improved 

through training programs in both primary and secondary education 

(Dignath & Büttner, 2008). Two pivotal processes of self-regulated 

learning are monitoring and control, which figure prominently in 

most models of self-regulated learning (Nelson & Narens, 1990; 

Pintrich & De Groot, 1990; Winne & Hadwin, 1998; Zimmerman & 

Schunk, 2001). Monitoring can be defined as evaluating one’s own 

cognitive processes concurrently (e.g., while performing a task), 

retrospectively (e.g., self-assessing performance on a task that was 

just completed), or prospectively (e.g., estimating one’s own 

performance on a similar task in the future). This evaluation can serve 

as input for control processes, that is, the regulation of current or 

subsequent study behavior (Zimmerman & Schunk, 2001). By 

focusing on monitoring and control, instructional strategies to foster 

self-regulated learning could be made more effective (Schraw, 1998). 

 

2.1.1 Monitoring and controlling learning processes 

Monitoring and control have been studied at different levels. 

At the item level, learners typically monitor how well they have 

memorized a word-pair or comprehended a text by predicting their 

performance on a future test, and decide whether they would have 

to restudy that item or text (e.g., Thiede, Anderson, & Therriault, 

2003). At the task or topic level, learners typically monitor their 

understanding while they are engaged in a study task, for instance, 

text passages presented in a hypermedia learning environment, and 

decide which parts to select for study and how long to spend on 

them (e.g., Azevedo & Cromley, 2004). Finally, at the task-sequence 

level, learners typically monitor how well they performed a learning 

task after completing it (referred to as ‘self-assessment’ here, to 

distinguish it from monitoring during task performance), and then 

2 

14731 - Raaijmakers_BNW.indd   19 05-01-18   07:57



20 

select a suitable next task (e.g., Corbalan, Kester, & Van Merriënboer, 

2008)1.  

Research on each of those levels of granularity has shown 

that learners’ monitoring and control are often inaccurate (item: 

Rawson & Dunlosky, 2007; task/topic: Bannert & Reimann, 2012; 

task-sequence: Kostons, Van Gog, & Paas, 2010, 2012). This is 

problematic, because both monitoring and control need to be 

accurate for effective self-regulated learning. Monitoring accuracy 

can be regarded as a necessary but not sufficient condition for 

accurate control. That is, without accurate monitoring, it is unlikely 

that students would select subsequent tasks that are suitable for their 

level of knowledge or skill (see e.g., Dunlosky & Rawson, 2012; 

Thiede, Anderson, & Therriault, 2003). However, improving 

monitoring accuracy would only aid control when students actually 

consider their monitoring judgments when making study decisions. 

Moreover, accurate control requires other factors to be considered 

as well (e.g., the learning goals, complexity of the task, et cetera). The 

accuracy of monitoring and control has been associated with better 

item recall, text comprehension, and problem-solving performance 

(item: Rawson, O’Neil, & Dunlosky, 2011; task/topic: Panadero & 

Romero, 2014; task-sequence: Kostons et al., 2010, 2012). These 

skills tend to develop over time with 12 year-olds demonstrating 

better monitoring and control than 9 year-olds (Roebers, Schmid, & 

Roderer, 2009). 

Researchers in educational and (applied) cognitive 

psychology have been concerned with finding means to support or 

scaffold monitoring and control during self-regulated learning (e.g., 

Azevedo & Hadwin, 2005; Bannert, 2006; Dabbagh & Kitsantas, 

2005; Kramarski & Gutman, 2005; Winne et al., 2006), as well as to 

train monitoring and control prior to self-regulated learning (e.g., 

Azevedo & Cromley, 2004; Costa Ferreira, Veiga Simão, & Lopes da 

Silva, 2015; Kostons et al., 2012; Leidinger & Perels, 2012; Perels, 

Gürtler, & Schmitz, 2005) in order to enhance students’ learning.  

The present study is concerned with improving secondary 

education students’ self-regulated learning at the task-sequence 

                                                           
1 Note that some authors refer to this as self-directed learning (Loyens, Magda, & 
Rikers, 2008). 
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level. As higher education requires adequate self-regulated learning 

skills and because these skills are fully in development during 

secondary education (i.e., during adolescence), it is important to 

investigate whether secondary education students benefit from such 

interventions. This study’s aim is to replicate and extend prior 

research that suggested that secondary education students’ self-

assessment (monitoring) and task-selection (control) skills can be 

trained by means of video modeling examples (Kostons et al., 2012).  

 

2.1.2 Training self-assessment and task selection 

Kostons and colleagues trained self-assessment and task 

selection in the domain of biology with video modeling examples 

based on principles from both social learning theory (Bandura, 1977) 

and example-based learning (Renkl, 2014; Van Gog & Rummel, 

2010). In these examples, another person (the model) demonstrated 

and explained the cyclical process of task performance, self-

assessment, and task selection. Self-assessment was trained by 

modeling how to assign one point for each correctly solved step of 

the problem-solving task and task selection was trained by modeling 

how to use an algorithm that combines subjective ratings of effort 

and performance into an advice for selecting a next task from a task 

database that contained tasks at different levels of complexity and 

with different levels of support (cf. Corbalan et al., 2008; Salden, 

Paas, & Van Merriënboer, 2006). 

In their first experiment, Kostons et al. (2012) compared the 

effectiveness of video modeling examples that provided self-

assessment training, task-selection training, or both, to a condition 

that received no self-assessment or task-selection training (but 

students did see the model’s performance on the problem-solving 

task). Results showed that the self-assessment training led to more 

accurate self-assessment, but not to more accurate task selection, 

whereas the task-selection training led to more accurate task 

selection, but not to more accurate self-assessment2. Therefore, 

Kostons et al. (2012) concluded that both aspects should be explicitly 
                                                           
2 The finding that task selection became more accurate while there was no 
improvement in self-assessment accuracy seems counterintuitive, but is presumably 
related to the way in which task-selection accuracy was computed, namely by using 
the self-assessed performance rather than the actual performance. This allowed for 
checking whether the task-selection procedure had been learned, independent of 
how accurate self-assessment was. 
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modeled in the training. In the second experiment, participants 

received self-assessment and task-selection training, after which they 

engaged in a self-regulated learning phase in which they could select 

and perform eight problem-solving tasks from a database with tasks 

at five different complexity levels and three levels of support (i.e., high 

support: 4/5 steps already worked out, low support: 2/5 steps 

worked out, or no support: no steps worked out) at each complexity 

level. Problem-solving performance on a posttest after the self-

regulated learning phase was higher for trained participants 

compared to a control group, indicating that training self-assessment 

and task selection skills indeed enhanced the effectiveness of self-

regulated learning. An important open question, however, is whether 

the trained skills would transfer beyond the trained tasks.  

 

2.1.3 Transfer of trained self-assessment and task-selection skills 

Transfer is one of the key goals of scaffolding or training self-

regulated learning skills, but we still know relatively little about the re-

use of those scaffolded/trained skills in new environments and 

domains (Koedinger, Aleven, Roll, & Baker, 2009; Roll, Wiese, Long, 

Aleven, & Koedinger, 2014). Although the degree to which self-

regulated learning processes are domain-general has been discussed 

(Greene et al., 2015; Poitras & Lajoie, 2013), the issue has not been 

extensively addressed through empirical investigation (Alexander, 

Dinsmore, Parkinson, & Winters, 2011), and we are not aware of any 

studies that addressed it experimentally on the task-sequence level. If 

task-selection is a domain-general, higher-order skill (as suggested in 

Van Merriënboer, 1997; Van Merrienboer & Kirschner, 2018), then 

learners should—in theory—benefit from having acquired task-

selection skills on tasks in one domain when they subsequently 

engage in self-regulated learning in another domain. 

For example, would students know how to decide what a 

suitable next learning task would be in mathematics, when they have 

acquired task-selection skills in the context of biology problems? It is 

unlikely that transfer would happen spontaneously as students often 

experience difficulties transferring learned skills to different domains 

(i.e., far transfer; Donovan, Bransford, & Pellegrino, 1999). One reason 

for these difficulties might be that successful transfer between 

domains would require that learners abstract the more general 

underlying principle or heuristic from the learning material and 
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recognize similarities in the ‘old’ and ‘new’ contexts that warrant 

application of the principle (i.e., bridging; Salomon & Perkins, 1989). 

For problem-solving task performance, transfer has been shown to 

improve when learners are able to (or helped to) abstract a general 

rule from the learning material, or are presented with that general 

rule (Kimball & Holyoak, 2000).  

Although findings regarding transfer of problem-solving rules 

might not necessarily apply to transfer of task-selection rules, similar 

mechanisms might be at work. The task-selection algorithm that 

Kostons et al. (2012) used to teach students task-selection skills was 

specifically tailored to their five-step biology problem-solving tasks. In 

order for transfer to another domain to occur, students would first 

have to realize that it is applicable to every task that consists of 5 

steps, regardless of whether it is biology, math, or chemistry. Second, 

as the tasks in other domains are not likely to have the exact same 

number of problem-solving steps, learners would have to mentally 

transform the algorithm, which requires additional effort. A more 

general task-selection heuristic would eliminate the additional effort 

required for the transformation of the task-selection algorithm (Shah 

& Oppenheimer, 2008). Therefore, analogous to the findings on 

problem-solving skills, we hypothesized that training students using 

this more general, heuristic, task-selection rule (“when performance 

is high and effort is low, choose a more complex task”), would lead 

to improved transfer of task-selection skills compared to training 

them using a specific algorithm. As, the heuristic task-selection rule 

uses a relative indication of performance and effort (i.e., in terms of 

low, high, average) instead of mentioning a specific score or rating, 

transfer to different types of tasks should be easier. In essence, the 

heuristic task-selection rule explicitly teaches students the underlying 

principle of the algorithm (i.e., choosing a task that is neither too 

complex nor too easy for the student given the level of performance 

and invested mental effort on a previous task).  

In sum, the first aim of the present study was to replicate the 

findings by Kostons et al. (2012) that training self-assessment and 

task-selection skills prior to a self-regulated learning phase, will lead 

to better problem-solving performance after the self-regulated 

learning phase. The second aim was to extend those prior findings by 

adding a heuristic task-selection training condition and a task-

selection transfer task. This allowed us to investigate whether the 
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heuristic training would also be effective for improving self-regulated 

learning outcomes, whether both types of training would lead to 

better transfer of task-selection skills than no training, and whether 

heuristic training would lead to better transfer of task-selection skills 

than algorithmic training. 

 

2.1.4 The Present Study  

To be able to test whether training self-assessment and task-

selection skills prior to a self-regulated learning phase, will lead to 

better self-regulated learning outcomes (as measured by problem-

solving performance on a posttest) and to better transfer of task-

selection skills than no training, we used the following experimental 

design. First, students took a pretest, after which they received 

training consisting of observing modeling examples in which the 

models: (1) performed a genetics problem-solving task (control 

condition), (2) performed the problem-solving task, rated their 

perceived mental effort, assessed their performance, and applied an 

algorithm to select a next task (algorithmic training condition), or (3) 

performed the problem-solving task, rated their perceived mental 

effort, assessed their performance, and applied a heuristic to select a 

next task (heuristic training condition). Then, students engaged in 

self-regulated learning, being allowed to choose the problem-solving 

tasks they wanted to work on from a task database that contained 

tasks at different levels of complexity and different levels of support 

at each complexity level (cf. principles of the 4C/ID model, the four 

component instructional design model of Van Merriënboer, 1997; 

see also Van Merriënboer & Kirschner, 2018). After working on eight 

self-selected tasks from the database, students took a problem-

solving posttest. They were also asked to rate perceived mental 

effort, assess their performance, and choose a next task (which they 

did not actually get, as the posttest was the same for all participants) 

so that we could explore differences in self-assessment and task-

selection accuracy at posttest. This was followed by a transfer test to 

assess whether they could also apply task-selection skills to select 

appropriate new tasks for a fictitious student in the domain of math, 

when the number of steps in a task differed from the trained tasks or 

when the task database had a different layout.  

Initially, we did not have a dedicated learning environment 

(similar to the one used by Kostons et al., 2012) at our disposal, and 
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used Qualtrics survey software to deliver the problem-solving tasks, 

as this allowed for participants to choose tasks to work on. To ensure 

that the modeling examples were congruent with how the tasks 

appeared in this environment, we created screen-recordings of the 

model performing the tasks in the Qualtrics environment, in which 

the model read the text aloud, thought aloud, and clicked on or 

typed in an answer at each step. These modeling examples were 

rather different from those of Kostons et al. (2012), in which the 

model was writing out each step of the problem-solving procedure 

while thinking aloud. Regrettably, this did not turn out to be a wise 

design choice, as the modeling examples turned out to be ineffective 

(see Experiment A and B in the supplementary materials); potentially 

because modeling examples are more effective at guiding and 

maintaining attention when information is drawn out by the model 

than when it is already present (cf. Fiorella & Mayer, 2016). Indeed, 

redesigning the modeling examples to be more similar to the ones 

used by Kostons et al., made them more effective (see Experiment C 

in supplementary materials). The experiment reported here is the one 

we originally set out to perform, but now conducted with the 

effective video modeling examples and a dedicated learning 

environment.  

It was hypothesized that self-assessment and task-selection 

training would result in an increase in posttest problem-solving 

performance after a self-regulated learning phase (i.e., algorithmic 

and heuristic training > no training; Hypothesis 1), as well as in better 

transfer of task-selection skills (i.e., algorithmic and heuristic training 

> no training; Hypothesis 2a), and that the heuristic condition would 

show better transfer than the algorithmic group (Hypothesis 2b).  

 

2.2. Method 
2.2.1 Participants and design 

A total of 125 Dutch students in their second year of higher 

general secondary education (middle level of secondary education in 

the Netherlands with a five year duration) participated in this study. 

Three participants who did not manage to finish the experiment, 

were excluded from the data set, leaving 122 participants (Mage = 

13.65 years, SDage = 0.64; 64 boys and 58 girls). Participants had 

been randomly assigned to one of the three conditions (in brackets 

the numbers after exclusion): (1) the control condition (n = 43) in 
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which the ‘training’ showed the models performing problem-solving 

tasks, (2) the algorithmic training condition (n = 42), in which the 

models performed problem-solving tasks, rated invested mental 

effort, self-assessed their performance, and used an algorithm to 

select a next task, and (3) the heuristic training condition (n = 37), in 

which the models performed problem-solving tasks, rated invested 

mental effort, self-assessed their performance, and used a heuristic 

to select a next task. The study took place at a point in the biology 

curriculum (obligatory for all students) at which participants were 

assumed to have little if any prior knowledge about monohybrid 

crossing problems (the problem-solving tasks used in this 

experiment), and this was verified by their pretest performance. 

 

2.2.2 Materials 

 The problem-solving tasks, algorithmic training, and control 

condition were similar to those used by Kostons et al. (2012). All 

materials were web-based, using a dedicated online learning 

environment designed for the present study. 

 

2.2.2.1 Problem-solving tasks 

 The problem-solving tasks (adapted from Kostons et al., 

2012) were monohybrid cross problems3 in the domain of biology 

(Mendel’s law of heredity). The procedure for solving these problems 

consisted of five steps: (1) translating the information given in the 

cover story into genotypes, (2) putting this information in a family 

tree, (3) determining the number of required Punnett squares, (4) 

filling in the Punnett square(s), and (5) finding the answer(s) in the 

Punnett square(s). An example of a task is shown in Appendix 2.1.  

 

2.2.2.2 Task database 

The task database (cf. Kostons et al., 2012) contained 75 

problems at five levels of complexity, with three levels of support 

within each complexity level (see Figure 1). The levels of complexity 

(top row of Figure 1) increased by changing: the possibility of 

multiple answers (complexity level 2), the type of reasoning used to 

                                                           
3 In a monohybrid cross problem you can work out what traits offspring might have of 
parents who only differ in one trait (i.e., monohybrid). By combining the alleles 
(different forms of a gene coding for a trait) you can find out what traits the offspring 
could possibly have. 
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solve the problem (complexity level 3), the number of generations  

(complexity level 4), and the number of unknowns (complexity level 

5). At each level of complexity, there were three different levels of 

support, depending on the amount of steps that were already 

worked-out for the learner (see the second row in Figure 2.1). At the 

high support level, the first 4 steps were worked out and the learner 

had to complete the fifth step; at the low support level the first 2 

steps were worked out and the learner had to complete steps 3 

through 5; and at the no support level no steps were worked out and 

the learner had to complete all five steps. Note that this allowed 

learners to move from high levels of instructional guidance to low or 

no guidance within a level of complexity, in line with the completion 

strategy (Paas, 1992; Van Merriënboer, Clark, & De Croock, 2002) or 

fading guidance strategy (Renkl & Atkinson, 2003), which have 

proven to be effective for acquiring problem-solving skills. Allowing 

learners to move from lower complexity tasks to higher complexity 

tasks, with high instructional guidance fading to lower guidance at 

each level, is in line with the recommendations of the 4C/ID model 

(Van Merriënboer, 1997; Van Merriënboer & Kirschner, 2018). The 

combination of five levels of complexity and three levels of support 

created 15 columns in which the tasks are organized. In each 

column, five isomorphic tasks (one per row) were presented 

(resulting in a total of 75 tasks), which were structurally equivalent but 

had different surface features (i.e., cover stories). 

 

 
Figure 2.1: Task database containing the 75 problem-solving tasks showing 

the different levels of complexity, different levels of support, and the 

different surface features of the learning tasks. 
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2.2.2.3 Pretest 

The pretest was administered to check whether students 

were indeed novices regarding the topic at hand. It consisted of 

three problem-solving tasks without support (one task at complexity 

level 1, one task at complexity level 2, and one task at complexity 

level 3, in this order). These tasks had the same structure as the tasks 

in the database, but contained different surface features. 

 

2.2.2.4 Training phase 

The training consisted of an introductory video, in which the 

main concepts were explained (i.e., dominant/recessive, 

homozygous/heterozygous), followed by four video modeling 

examples based on principles from both social learning theory 

(Bandura, 1977) and example-based learning (Renkl, 2014; Van Gog & 

Rummel, 2010). The video modeling examples were recorded using 

Camtasia Studio 8 (http://www.techsmith.com/camtasia/; cf. 

Kostons et al., 2012) and showed human models solving the problem 

as if on paper. This way the participants were able to follow the pen-

movements as the model went through the steps of the problem-

solving procedure. The problem statement, as well as all the steps 

that were performed by the models, were visible on the screen at all 

times, but the steps were gradually built up while the model was 

thinking-aloud during problem solving. The video modeling examples 

showed the model (male or female, see Table 2.1) performing a 

problem-solving task (at the first or second level of complexity, see 

Table 2.1). A problem statement was given at the top of the screen, 

and the model started by reading this aloud, and then continued to 

think aloud while problem solving. The model wrote out the solution 

to each step that s/he was able to complete (see Figure 2.2). 
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Figure 2.2: Still from one of the video modeling examples showing how the 

model is able to write out the problem-solving steps underneath the 

problem statement. 

 

To create variability in performance across video modeling 

examples (necessary for variability in self-assessment and task 

selection), models were unable to complete the task in two cases 

(see Table 1). After completing the problem-solving task, the model 

proceeded to the next page (in the case of the experimental 

conditions; explained below), where s/he rated how much mental 

effort s/he invested in solving that problem, by circling the answer on 

a scale of 1 to 9 (Paas, 1992). The scale was presented horizontally, 

with labels at the uneven numbers: (1) very, very little effort, (3) little 

effort, (5) neither little nor much effort, (7) much effort, and (9) very, 

very much effort. The model then rated how many steps s/he 

thought s/he had performed correctly (i.e., self-assessment) on a 

scale ranging from 0 to 5, explaining that s/he assigned one point for 

each step correctly completed and then summed the points (the 

model’s self-assessment was always correct, i.e. if she had performed 

4 steps correctly, she would give a rating of 4). Finally, the model 

selected an appropriate subsequent task from the task database 

(while thinking aloud, using either the task-selection algorithm or a 

heuristic, depending on the condition; explained below) by circling 

that task. 
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Table 2.1. Features of the Video Modeling Examples 

Example Model Complexity #Steps Correct Effort Advice 

1 Female Level 1 5 steps 2 +2 

2 Male Level 1 5 steps 5 +1 

3 Female Level 2 4 steps 7 0 

4 Male Level 2 3 steps 8 -1 

 

Participants in all three conditions saw an introductory video 

defining the main concepts and observed the models performing the 

problem-solving task. However, only participants in the training 

conditions saw the subsequent effort rating, self-assessment, and 

task-selection parts (depending on their respective condition) of the 

video modeling examples. In the algorithmic condition, participants 

observed the model select a subsequent task (while thinking aloud) 

using the algorithm that was also used by Kostons et al. (2012). This 

algorithm combines scores on self-assessed performance and 

mental effort into an appropriate and specific task selection advice 

(see Figure 2.3 and Table 2.1). For example, a performance rating of 4 

combined with a mental effort rating of 6 would result in a task 

selection advice to go 1 step forward (i.e., one column to the right) in 

the task database, leading to a task with lower support at the same 

level of complexity, or a task with high support at a higher level of 

complexity4. Participants in the heuristic condition saw the model 

select the exact same subsequent task, but using a general heuristic 

(underlying the algorithm) that used relative categories (e.g., low, 

medium, high performance) rather than absolute categories (e.g., 

zero or one step correct is low performance, two or three steps 

correct is medium performance, etc.) with regard to the (self-

assessed) problem-solving score and mental effort ratings. For 

                                                           
4 Note that this algorithm proved to be effective for fostering learning outcomes in the 
Kostons et al. (2012) study and that other studies have shown that adaptive computer-
regulated task selection using similar algorithms leads to better learning outcomes 
than fixed task sequences (e.g., Corbalan et al., 2008). 
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instance, in the above example (with a performance of 4 and effort 

of 6, the model would say “I attained a high score on performance 

with a medium amount of effort, so I am ready for a more difficult 

task or one with less support.” During the time that participants in the 

training conditions observed the models self-assess their 

performance and select new tasks (approximately 90s), participants 

in the control condition were asked to remember and restate what 

was explained in the modeling example by typing in (step-by-step) 

what should be done at each step (cf. Stark, Mandl, Gruber, & Renkl, 

2002). 

 

 
Figure 2.3: Algorithm used for task-selection advice showing the jump size 

and direction for each of the combinations of self-assessed performance 

and mental effort. 

 

2.2.2.5 Self-regulation phase  

In the self-regulated learning phase, participants were 

presented with the task database and were instructed that they could 

work on eight tasks of their own choice. They were aware that a 

posttest would follow to assess what they had learned from those 

tasks. After each task, they were asked to rate how much mental 

effort they invested in solving the problem on the same 9-point 

rating scale (Paas, 1992) as the models used. Then participants were 

asked to assess their own performance on a 6-point rating scale 

ranging from 0 to 5 and to select the next task from the task 

Performance

4-5 +2 +1 0
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database that they wished to work on (after the eight task had been 

completed, they would automatically go on to the posttest). 

 

2.2.2.6 Posttest  

The posttest consisted of five problems, one of each 

complexity level. These problems had the same structure as the tasks 

in the database, but contained different surface features. The posttest 

problems were the same for all conditions, but after solving each 

problem participants were asked to rate how much mental effort 

they invested, to self-assess their performance, and to indicate what 

a suitable next task would be, to be able to assess self-assessment 

and task-selection accuracy (they knew though, that they would not 

actually get that task).  

 

2.2.2.7 Transfer test  

To test students’ ability to transfer the trained task-selection 

skills, eight scenarios were used in which students had to indicate 

what a suitable next task would be for a peer student who had just 

completed a problem-solving task in a different domain (math), 

which could have the same or a different number of steps compared 

to the biology problems, and the database from which they had to 

select the new task could have the same or a different structure. The 

scenarios presented participants with information on a fictitious peer 

student’s performance and invested effort on a math problem, and 

they could see the complexity and support level (shown in the task 

database) of that problem in the task database. Based on that 

information they had to indicate what new task that student should 

select, by clicking on that new task in the task database that was 

depicted below the problem. An example of a transfer test task is: 

“Eve has just performed a math problem of complexity level 2 

without any support, consisting of eight steps. She rated her invested 

mental effort with a 2 on a scale from 1 to 9. She performed 1 step 

incorrectly. What kind of task should Eve select next from this task 

database?” The problem that the peer student had just performed 

was highlighted in the task database. Of these hypothetical scenarios, 

half contained a task database with 75 math tasks (layout cf. Figure 1, 

but in math), and half contained a task database with 32 math tasks 

across 4 complexity levels with 2 support levels (Figure 2.4). For each 
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type of task database, half of the scenarios concerned 5-step 

problems, the other half concerned 8-step problems.  

In the self-regulated learning phase, participants were 

presented with the task database and were instructed that they could 

work on eight tasks of their own choice. They were aware that a 

posttest would follow to assess what they had learned from those 

tasks. After each task, they were asked to rate how much mental 

effort they invested in solving the problem on the same 9-point 

rating scale (Paas, 1992) as the models used. Then participants were 

asked to assess their own performance on a 6-point rating scale 

ranging from 0 to 5 and to select the next task from the task 

database that they wished to work on (after the eight task had been 

completed, they would automatically go on to the posttest). 

 

 
Figure 2.4: Transfer task database version with 32 tasks in the mathematics 

domain. 

 

2.2.3 Procedure 

Students were tested in five groups of around 25 participants 

per group, in a session that took approximately 100 minutes (two 

class periods). All three conditions were tested in each group. 

Participants were randomly assigned to conditions (by randomly 

handing out login codes that took them to the different conditions). 

First, students were given a general instruction and explanation about 
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the procedure of the experiment. Then they received the pretest. In 

the subsequent training phase, students watched the four modeling 

examples (format depending on their assigned condition). This was 

followed by a self-regulated learning phase (SRL-phase) in which 

participants went through the following routine eight times: they 

chose and performed a problem-solving task, rated their mental 

effort and performance on this task and choose a next task, which 

they then would receive to repeat this process. After the SRL-phase 

participants received the posttest followed by the transfer test. 

 

2.2.4 Data analysis 

Performance on the pretest and posttest problem-solving 

tasks was scored by assigning one point for each correct step (i.e., 

range per problem: 0-5 points); performance on the pretest and 

posttest was then calculated by averaging the scores on the three 

(pretest) and five (posttest) problems (i.e., range: 0-5 points). Scores 

on the pretest and posttest were scored automatically by the online 

learning environment. Transfer test performance (i.e. task-selection 

accuracy on the scenarios) was determined by calculating the 

absolute difference between the task-selection step size that would 

be recommended based on the algorithm (for the 5-step problems) 

or adapted algorithm (for the 8-step problems) and the actual task 

level chosen by the participant. In the adapted algorithm, for the 8-

step problems, low performance was 0, 1, or 2 steps performed 

correctly, medium performance was 3, 4, or 5 steps performed 

correctly and high performance was 6, 7, or 8 steps performed 

correctly.  

Thus, for the peer student (Eve) in the scenario that is given 

as an example above, who performed an 8-step math problem of 

complexity level 2 and without any support (i.e., column # 4), 

completing 7 steps correctly while investing very little effort (rating of 

2), the next task that should be selected from the mathematics 

database according to the algorithm would be 2 steps ahead (i.e., to 

the right, to column # 6). If a student would instead choose a task 

that is 4 steps to the right (column 8), the task-selection accuracy 

score (i.e., deviation between recommended and chosen task) would 

be 2. The closer to 0 the average deviation score across the 8 tasks 

is, the more accurate a participant was. 
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2.3. Results 
Table 2.2 shows the pretest, posttest, and transfer test data 

per condition. Unfortunately, mental effort, self-assessment, and 

task-selection data on the posttest were lost due to a logging error in 

the environment, so we could only analyze problem-solving 

performance on the posttest, not self-assessment or task-selection 

accuracy. Data were analyzed with ANOVAs or Kruskal-Wallis Tests 

when the assumption of normality was violated. Partial eta-squared 

(partial η2) and Pearson’s correlation (r) are reported as measures of 

effect size for ANOVA and Kruskal-Wallis Tests, respectively. The 

cutoffs for small, medium, and large effects are .01, .06, and .14, 

respectively, for partial eta-squared, and .10, .30, and .50, 

respectively, for Pearson’s correlation. 

 

2.3.1 Pretest (randomization check) 

Overall, average performance on the pretest problems was 

very low (M = 0.49 out of 5, SD = 0.37). A Shapiro-Wilk's test showed 

that pretest performance scores were not normally distributed and 

therefore an Independent-Samples Kruskal-Wallis Test was 

conducted, which revealed no significant differences between 

conditions, χ2(2) = 2.152, p = .341,  r = .13.  

 
Table 2.2 Mean (and SD) of Performance on the Pretest, Posttest, and 

Transfer Test (i.e., Task-Selection Accuracy) per Condition  

 

Control 

(n = 43) 

Heuristic 

(n = 37) 

Algorithmic 

(n = 42) 

M SD M SD M SD 

Pretest performance (max. 

5) 

0.45 0.38 0.56 0.36 0.48 0.37 

Posttest performance 

(max. 5) 

2.30 1.19 2.70 1.05 2.69 1.30 

Task-selection transfer test 

(max. 9)a 

2.00 0.84 1.19 0.79 1.39 1.03 

a lower = better 

 

2.3.2 Posttest  

Average score on the posttest problems across conditions 

was 2.55 (out of 5; SD = 1.19). Because of significant bimodality in 

the dataset (Hartigan’s Dip Test of Unimodality: D = 0.049, p = .028; 
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Hartigan & Hartigan, 1985; Bimodality Coefficient: BC = 0.563 > 

BCcrit; SAS Institute Inc., 1990), an Independent-Samples Median Test 

was performed, which showed a significant difference between 

conditions, χ2(2) = 6.641, p = .036, r = .23. Post-hoc Median Tests 

showed that in line with Hypothesis 1, both heuristic training, χ2(1) = 

4.732, p = .030, r = .24, and algorithmic training, χ2(1) = 5.195, p = 

.023, r = .25, led to significantly better problem-solving performance 

on the posttest than the control condition. However, problem-

solving performance did not differ between training conditions, χ2(1) 

= 0.658, p = .417, r = .09. 

 

2.3.3 Transfer test 

An Independent-Samples Kruskal-Wallis Test revealed that 

task-selection accuracy on the transfer test differed between 

conditions, χ2(2) = 19.228, p < .001, r = .40. Post-hoc Mann-Whitney 

U Tests showed that in line with Hypothesis 2a, both the heuristic 

training, U = 355.5, p < .001, r = .48, and algorithmic training, U = 

537.5, p = .001, r = .35, showed significantly better task-selection 

accuracy on the transfer test than the control group (i.e., lower 

scores indicate better task-selection accuracy, see Table 2.2). 

However, in contrast to Hypothesis 2b, the heuristic and algorithmic 

training conditions did not differ from each other, U = 724.0, p = 

.602, r = .06. 

 

2.4. Discussion 
 The first aim of this study was to replicate prior findings 

(Kostons et al., 2012) showing that the effectiveness of self-regulated 

learning in an online environment on biology problem-solving tasks 

is enhanced when self-assessment and task-selection are first trained 

through video modeling examples. In line with our first hypothesis, 

students who had received self-assessment and task-selection 

training (i.e., in both training conditions) performed significantly 

better on the posttest than students who did not, showing that these 

students gained more knowledge during the self-regulated learning 

phase. There was, however, no significant difference in posttest 

performance between the two training conditions. 

The second aim was to test whether we could find 

indications that the trained task-selection skills would transfer to a 

different domain, in our case to mathematics. In line with Hypothesis 
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2a, students who had received self-assessment and task-selection 

training were better at selecting tasks in a different domain than 

students who did not. The third aim was to investigate whether a 

heuristic training condition would be more effective at fostering task-

selection transfer than the original algorithmic training condition 

from Kostons et al. (2012). In contrast to Hypothesis 2b, the heuristic 

training condition was not better at selecting tasks in a different 

domain than the algorithmic training condition. This does not seem 

to agree with the idea that bridging (i.e., abstracting a general 

principle and recognizing when to use it; Salomon & Perkins, 1989) 

fosters successful transfer. However, it is possible that students in the 

algorithmic training condition inferred the principle underlying the 

algorithm. In other words, learners in the algorithmic condition might 

have been able to transform the specific algorithm into a less 

effortful heuristic (Shah & Oppenheimer, 2000), which would explain 

why we found no difference between the heuristic and algorithmic 

training condition. Future research could address this possibility by 

interviewing learners after the training, or by asking them to think 

aloud during task selection. 

A limitation of the present study is that the self-assessment 

and task-selection data at posttest were lost and that there was some 

bimodality in the posttest problem-solving performance data. This 

bimodality suggests that a substantial number of learners benefitted 

very little from engaging in self-regulated learning whereas a 

substantial number of others did gain a lot from the self-regulated 

learning phase. It is possible that individual differences such as 

motivation or achievement goals influenced either how much 

students learned from the modeling examples, or whether they 

applied what they learned from the examples during self-regulated 

learning (Winne & Hadwin, 2008). For instance, motivation might be 

influenced by students’ preference for a learning environment (i.e., 

online vs. face-to-face; Johnson, Aragon, Shaik, & Palma-Rivas, 2000) 

and motivation may, consequently, affect self-regulated learning. 

Future research could take into account the potential influence of 

individual differences in motivation or achievement goals on the 

effect of self-regulated learning skills training.  

Another potential limitation is the way in which we 

operationalized our transfer test. We measured the transfer of task-

selection skills by means of scenarios, in which students had to 

2 

14731 - Raaijmakers_BNW.indd   37 05-01-18   07:57



38 

select a new task for a fictitious peer student in a different domain 

(math instead of biology as in the trained tasks), in which the 

problems sometimes differed in the number of steps (8 instead of 5 

as in the trained tasks), and the task database sometimes had a 

different layout (with 32 instead of 75 problems). Although these 

scenarios did measure whether a learner had understood the task-

selection rule and could apply it in a different domain, the degree of 

transfer required is arguably rather limited. Learners were given the 

input they needed to make a decision and could fully devote their 

attention to task-selection, which is much less cognitively demanding 

than having to engage in performing these novel math tasks and 

having to self-assess performance and select a new task for yourself 

from a different-looking database.  

A second limitation of the task-selection transfer test 

concerns the scoring of the task-selection accuracy. The task-

selection accuracy of the heuristic condition on the transfer test was 

evaluated against the correct implementation of the algorithmic task-

selection rule (which had proven, in the Kostons et al., 2012, study, to 

be effective for improving self-regulated learning as assessed by 

posttest problem-solving performance). This might have negatively 

biased the scoring of the task-selection accuracy in the heuristic 

condition. Nevertheless, task-selection accuracy in the heuristic 

condition was comparable to the algorithmic condition and there 

were no differences in posttest problem-solving performance, which 

one would have expected had the heuristic condition actually been 

more accurate in task-selection (i.e., by another accuracy measure). 

Nevertheless, our findings are promising, and provide an important 

first step towards determining whether task-selection skills would 

have to be trained anew for every type of task (which would be 

highly impractical), or whether they can transfer to other types of 

tasks in other domains. Our findings are also relevant for educational 

practice, in that they show that a relatively simple intervention can 

help students gain more from self-regulated learning. It should be 

noted though, that our study—as demonstrated by the experiments 

presented in the supplementary materials—also revealed that the way 

in which the video modeling examples are designed can have a 

significant impact on the success of the training. This should be kept 

in mind when implementing video modeling examples for training 

self-regulation skills. 
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Appendix 2.1 

Example of problem-solving task (at the lowest level of complexity) 
used in Experiment 3 

Fur color 

A guinea pig’s fur color is determined by a gene that expresses itself 
as black in its dominant form (F), and white in its recessive form (f). 
Two guinea pigs, who are both black and homozygote for that trait, 
produce offspring. What are the possible genotypes for this 
offspring? 

Step 1. Translate information from the text into genotypes. 

- Both guinea pigs are homozygote for the dominant allele, so 
both genotypes are FF. 

Step 2. Fill in a family tree. 

 

Step 3. Determine number of Punnett squares needed, by deciding if 
problem is to be solved deductively or inductively. 

- Both parents are given, so we can solve the problem 
deductively. Solving problems deductively only requires one 
Punnett square. 

Step 4. Fill in the Punnett square. 

 F F 

F FF FF 

F FF FF 

 

Step 5. Find the answer in the Punnett square. 

- The only possible genotype for the offspring is FF. 
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Supplementary Materials 
 

As mentioned in the main manuscript, we originally 

conducted the full experiment involving the training plus self-

regulated learning phase (cf. Experiment 1 in the main manuscript) in 

Qualtrics software (Experiment A below). We used modeling 

examples that were congruent with how the problems were 

presented in Qualtrics, but because of that, they had a very different 

design from the modeling examples of Kostons et al. (2012). In 

hindsight, this turned out to be a poor choice, as we found no 

effects of training whatsoever. A second experiment (Experiment B 

below), involving the training only (cf. Experiment 1 of Kostons et al., 

2012), was conducted with these same materials to determine 

whether the design of the video modeling examples was indeed at 

fault, in which case students would hardly learn from these videos at 

all. This second experiment confirmed our suspicions, after which we 

redesigned the examples and tested the examples in a third 

experiment involving training only (Experiment C below). We briefly 

report those initial experiments here in the supplementary materials, 

not only to give full disclosure but also to caution that the example 

design may play a crucial role in the effectiveness of self-assessment 

and task-selection training.  

 

Experiment A 
Method 

Participants and Design 

Participants were 142 Dutch secondary education students 

(3rd year of the highest track in the Netherlands). Twelve participants 

with too much prior knowledge (total pretest score > 10), twenty 

participants who did not finish on time and had missing posttest data, 

and five participants who did not comply with instructions had to be 

excluded. The remaining 105 participants (52 boys and 53 girls) had a 

mean age of 14.70 years (SD = 0.54). Participants were randomly 

assigned to one of the three conditions: control condition (n = 43), 

algorithmic training condition (n = 31), and heuristic training 

condition (n = 31).  
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Materials 

The materials were similar in content to those reported in the 

main manuscript, except that they were implemented in Qualtrics 

software (http://www.qualtrics.com) and except for the fact that 

models performance varied because they made errors at some steps 

(rather than not being able to complete them) and the control 

condition was instructed to find and fix errors in the time that 

students in the other conditions watched the self-assessment and 

task-selection part of the examples (cf. the Kostons et al., 2012, 

study). Due to the use of Qualtrics for presenting the problems and 

creating the modeling examples, there were differences compared 

to the materials in the main manuscript in terms of: 1) The lay out of 

the problems (a screenshot is shown in Figure 2.5); 2) The 

presentation of the problems, as only half of a problem could be 

presented per page; 3) The video modeling examples used in the 

training. The modeling examples were screen recordings made with 

BB Flashback (http://bbsoftware.co.uk/) of the model’s task 

performance, effort rating, self-assessment, and task-selection in the 

Qualtrics interface. For the problem-solving part of the examples, this 

meant that participants primarily heard the model reading aloud the 

information on the screen (which students could read along with, 

creating a kind of redundancy; see Kalyuga & Sweller, 2014), heard 

the model thinking-aloud about what to do at the step, and then saw 

the model's mouse movement and typed input while the model gave 

the answer to a step. The materials implemented in Qualtrics also 

differed concerning the data gathering. While the data reported in 

the main manuscript were gathered by forcing a response on each 

item, a forced response option could not be implemented in 

Qualtrics for all steps. This resulted in a considerable amount of 

missing data in the experiments reported here.  
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Figure 2.5: Still from one of the video modeling examples showing the 

model filling in a problem-solving step in the Qualtrics learning 

environment. 

 

Procedure and Data Analysis 

The procedure and data analysis of Experiment A were the same as 

in the experiment reported in the main manuscript. To determine 

reliability of the scoring scheme, 25% of the pre-test and the posttest 

was manually scored by two raters. Inter-rater reliability was very high 

(intraclass correlation coefficient = .98), therefore the remaining part 

was scored by one rater (the first author), and this rater also scored 

the subsequent experiments (Experiment B and C below, as well as 

the experiment in the main manuscript). 

 

Results 

Data are presented in Table 2.3 and were analyzed with one-way 

analyses of variance (ANOVAs) or Kruskal-Wallis Tests when the 

assumption of normality was violated.  
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Table 2.3. Mean (and SD) of Pretest Performance, Posttest Performance, 

Posttest Mental Effort, and Transfer Test Task-Selection Accuracy per 

Condition. 

 

Control Heuristic Algorithmic 

n M(SD) n M(SD) n M(SD) 

Pretest Performance (max. 5) 
43 

0.48 

(0.50) 
31 

0.39 

(0.36) 
31 

0.45 

(0.45) 

Posttest Performance (max. 5) 
43 

1.62 

(1.10) 
31 

1.54 

(1.57) 
31 

1.45 

(1.13) 

Posttest Mental effort (max. 9) 
41 

5.16 

(2.06) 
30 

5.55 

(2.37) 
31 

5.60 

(1.83) 

Transfer Test TS Accuracy* (max. 

9) 
23 

2.10 

(1.28) 
18 

1.49 

(1.23) 
20 

2.16 

(1.30) 

* lower = better 

 

Pretest Performance (randomization check) 

As expected, average pretest performance was low (M = 0.44, SD = 

0.45; max. 5) and similar to the pretest performance reported in 

Kostons et al. (2012, Experiment 2: M = 0.72, SD = 0.67; max. 5; 

transformed to average steps per problem for ease of comparison). A 

Kruskal-Wallis Test revealed no differences between conditions in 

pretest performance, χ2(2) = 0.22, p = .896. 

 

Posttest Performance 
Average posttest performance across conditions was very low (M = 

1.55, SD = 1.26; max. 5) compared to the posttest performance 

reported in Kostons et al. (2012, Experiment 2: M = 2.84, SD = 1.31, 

max. 5). A Kruskal-Wallis Test showed no differences in posttest 

performance between conditions, χ2(2) = 1.06, p = .589, nor in the 

amount of mental effort (M = 5.41, SD = 2.08; range: 1-9) invested in 

the posttest, χ2(2) = 1.25, p = .536. 

 

Transfer Test Task-Selection Accuracy 

Data on task-selection on the transfer test cases were missing for 44 

participants because of the lack of a proper forced response option 

and therefore, these data and the analysis should be interpreted with 

caution. Although the heuristic condition seemed to demonstrate 

numerically better performance in selecting new tasks in the cases 

presented on the transfer test (M = 1.49, SD = 1.23) than the control 
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(M = 2.10, SD = 1.28) and the algorithmic (M = 2.16, SD = 1.30) 

condition (i.e., lower = more accurate), an ANOVA showed no 

significant differences in transfer test performance between 

conditions, χ2(2) = 3.79, p = .150. 

 

Discussion 
The very low posttest performance (i.e., performance in the Kostons 

et al., 2012, study was almost twice the performance in this 

experiment) called into question the effectiveness of the video 

modeling examples, which had a very different look and feel from 

those of Kostons et al. (2012). In their examples, the spoken-written 

text redundancy was much lower because the model only read the 

problem statement and then verbalized what should be done at each 

step (which was no longer printed). Moreover, the model 

subsequently wrote out the solution to each step, which would grab 

students’ attention much more continuously than only seeing the 

model click or type every once in a while (cf. Fiorella & Mayer, 2016). 

However, we could not rule out that the generally low performance 

was a coincidence or had been caused by motivational issues given 

the length of the experiment (100 min., even though this was ca. 10 

min shorter than the duration of the experiment of Kostons et al.). 

We therefore conducted Experiment B to determine whether the 

video example training used in Experiment A was effective.  

 

Experiment B 
To determine the effectiveness of the video modeling examples, the 

self-regulated learning phase was left out in Experiment B (i.e., the 

posttest and the transfer test were completed immediately after the 

training). If students hardly learn from the examples at all, it is likely 

that indeed, these video modeling examples are not effective.  

 

Method 
Participants and Design 

Participants were 180 Dutch third-year secondary education 

students (in the 3rd year of the middle and highest tracks in the 

Netherlands). Four participants could not complete the experiment 

due to technical difficulties; one participant had too much prior 

knowledge and had to be excluded. The remaining 175 participants 

(85 boys and 90 girls) had a mean age of 14.26 years (SD = 0.66). 
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Participants were randomly assigned to one of the three conditions: 

control condition (n = 60), algorithmic training condition (n = 58), 

and heuristic training condition (n = 57).  

 

Materials 

Materials were similar to those in Experiment A, however no 

self-regulated learning phase was present in this experiment. Also, as 

this experiment was to be conducted within one class hour (50 

minutes) and participants would not have enough time to complete 

both the posttest and the transfer test, an abbreviated posttest was 

devised. Like the transfer test, the abbreviated posttest consisted of 

scenarios in which peer students’ task performance was described, 

only this pertained to the five tasks included in the proper posttest. In 

other words, students did not solve the problems themselves, but 

only selected an appropriate task for the peer student based on the 

effort and performance data presented in the scenario. 

 

Procedure and Data Analysis  

After the pretest and the video modeling training (cf. 

Experiment A), half of the participants in each condition completed 

the full posttest (task performance + self-assessment + task 

selection; control: n = 30; algorithmic: n = 28; heuristic: n = 29), the 

other half completed an abbreviated posttest and the transfer test 

(control: n = 30; algorithmic: n = 30; heuristic: n = 28).  

 

Results 
Data are presented in Table 2.4 and were analyzed with one-

way analyses of variance (ANOVAs) or Kruskal-Wallis Tests when the 

assumption of normality was violated.  

 

Pretest Performance (randomization check)  

As expected, average pretest performance was low (M = 

0.24, SD = 0.37; max. 5) and similar to the pretest performance 

reported in Kostons et al. (2012, Experiment 1: M = 0.68, SD = 1.00; 

max. 5). A Kruskal-Wallis Test revealed no differences between 

conditions in pretest performance, χ2(2) = 2.386, p = .303. 
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Posttest Performance 

Posttest performance was generally low, even lower than in 

Experiment A (M = 0.72, SD = 0.79; max. 5) and lower than posttest 

performance reported in Kostons et al. (2012; Experiment 1: M = 

3.15, SD = 1.22). A Kruskal-Wallis Test revealed no differences 

between conditions, χ2(2) = 0.185, p = .911, nor in the amount of 

mental effort (M =5.79, SD = 2.07; range: 1-9) invested in solving the 

posttest problems, χ2(2) = 1.162, p = .559. 

 
Table 2.4. Mean Pretest Performance, Posttest Performance, Posttest 

Mental Effort, Posttest Self-Assessment (SA) accuracy, Brief Posttest Task-

Selection (TS) Accuracy, and Transfer Test Task-Selection Accuracy per 

Condition. 

 

Control Heuristic Algorithmic 

n M(SD) n M(SD) n M(SD) 

Pretest Performance (max. 5) 
60 

0.21 

(0.29) 
57 

0.22 

(0.36) 
58 

0.30 

(0.44) 

Posttest Performance (max. 5) 
18 

0.76 

(0.78) 
19 

0.76 

(0.95) 
18 

0.63 

(0.66) 

Posttest Mental Effort (max. 9) 
18 

5.23 

(1.72) 
19 

5.91 

(2.28) 
18 

6.23 

(2.15) 

Posttest SA accuracy (max. 5)* 
18 

1.98 

(1.11) 
19 

1.42 

(1.02) 
18 

1.79 

(1.11) 

Brief Posttest TS Accuracy (max. 

9)* 
15 

2.55 

(1.89) 
17 

3.35 

(2.17) 
18 

2.97 

(1.70) 

Transfer TS Accuracy  

(max. 9)* 
14 

2.20 

(1.05) 
16 

1.68 

(1.08) 
20 

2.11 

(1.28) 

* lower = better 

 

Self-Assessment Accuracy 

Data on self-assessment accuracy on the posttest were 

missing for 32 participants, because of the lack of a proper forced 

response option and therefore, these data and the analysis should be 

interpreted with caution (18 were left in the control, 19 in the 

heuristic, and 18 in the algorithmic condition). A one-way ANOVA 

showed no difference in self-assessment accuracy between 

conditions, F(2, 52) = 1.27, p = .288. 
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Brief Posttest and Transfer Test Task-Selection Accuracy 

Data on task-selection accuracy on the brief posttest and 

transfer test scenarios were missing for 38 participants, because of 

the lack of a proper forced response option and therefore, these data 

and the analysis should be interpreted with caution (15 were left in 

the control, 17 in the heuristic and 18 in the algorithmic condition). A 

Kruskal-Wallis Test on brief posttest task-selection accuracy revealed 

no differences between conditions, χ2(2) = 2.006, p = .367. On the 

transfer test, the heuristic condition again seemed to score better (M 

= 1.68, SD = 1.08), than the control (M =2.19, SD = 1.05) and 

algorithmic (M = 2.11, SD = 1.28) conditions (i.e., lower = more 

accurate), but the ANOVA showed no differences between 

conditions, F(2, 47) = 0.90, p = .415. 

 

Discussion 
 Again, posttest problem-solving performance was very low, 

so Experiment B seems to confirm our suspicion that the design of 

the video modeling examples rendered them ineffective. We 

therefore decided to design new video modeling examples more 

similar to those used in Kostons et al. (2012). In Experiment C we 

tested the effectiveness of the new video modeling examples.  

 

Experiment C 
 

In this experiment we investigated if the new video modeling 

examples would result in better posttest performance. The new 

videos showed models writing out the solution to each step and 

were more similar to those used in Kostons et al. (2012). We 

predicted that these videos will grab students’ attention more 

continuously than the previous videos in which models click or type 

every once in a while (cf. Fiorella & Mayer, 2016). Because the fact 

that the models made errors (as in the Kostons et al. study) might 

result in learning faulty procedures, we still varied the models 

performance, but by getting stuck on the final steps (i.e. rather than 

making errors they simply failed to complete one or more of the last 

steps).  
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Method 
Participants and Design 

Participants were 64 Dutch secondary education students 

(4th year of the middle track in the Netherlands). Two participants 

could not continue due to technical difficulties. None of the 

participants possessed too much prior knowledge (a pretest 

performance total score of 9 or higher). The remaining 62 

participants (27 boys and 35 girls) had a mean age of 15.69 years (SD 

= 0.67). Participants were randomly assigned to one of the three 

conditions: control condition (n = 18), algorithmic training condition 

(n = 23), and heuristic training condition (n = 21). 

 

Materials  

 Materials were similar in content to those reported in the 

main manuscript and were, similar to Experiment A and B, 

implemented in Qualtrics software (http://www.qualtrics.com/). 

However, the video modeling examples were now recorded using 

Camtasia Studio 8 (http://www.techsmith.com/camtasia) and 

showed models solve the problem as if on paper. This way the 

participants were able to follow the pen-movements as the model 

went through the steps of the problem-solving procedure. The 

problem statement, as well as all the steps that were performed by 

the models, were visible on the screen at all times, but the steps 

were gradually built up while the model thought aloud during 

problem solving (see Figure 2.6).  
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Figure 2.6: Still from one of the video modeling examples in Experiment C. 
 

Next to modeling the problem-solving procedure, the video 

modeling examples also modeled proper self-assessment and task-

selection skills. Identical to previous experiments, this was done 

through either an algorithm (algorithmic condition), or a heuristic 

based on the algorithm (heuristic condition). As finding and fixing 

errors has been found to be less favorable for learners with low prior 

knowledge (Große & Renkl, 2007), participants in the control 

condition were no longer asked to find and fix the errors made in de 

video modeling examples. Performance of the models in the videos 

was still varied in the number of steps they were able to complete, 

but the models now indicated that they were unable to continue 

instead of introducing errors in their problem-solving performance. 

Because of that, participants in the control condition were now 

asked to elaborate on each step of the problem-solving procedure in 

the video modeling examples (Stark, Mandl, Gruber & Renkl, 2002), 

creating a stronger control condition than Experiment A and B. Table 

2.5 shows how the four modeling examples differ from each other in 

number of steps performed and gender of the model. 
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Table 2.5. Different features of the video modeling examples. 

Video Modeling 

Example 

Gender Problem-solving 

performance 

Complexity 

level 

1 Female 5 steps Level 1 

2 Male 5 steps Level 1 

3 Female 4 steps Level 2 

4 Male 3 steps Level 2 

 

Procedure and Data Analysis 

Students were tested in three group sessions and sessions 

took approximately 50 minutes. Group sessions included all three 

conditions, to which participants were randomly assigned. First, 

students were given a general instruction and explanation about the 

procedure of the experiment and then received the pre-test. In the 

subsequent training phase, students watched four modeling 

examples. After the training phase participants received the post-test 

followed by the transfer test. Scoring and analysis was identical to 

Experiment A and B. Due to technical difficulties there were data 

missing on posttest performance for 8 participants, on posttest task 

selection for 18 participants, and on the transfer test for 14 

participants. 

 

Results 
Data are presented in Table 2.6 and were analyzed with one-

way analyses of variance (ANOVAs) or Kruskal-Wallis Tests when the 

assumption of normality was violated.  

 

Pretest Performance (randomization check) 

As expected, average pretest performance was low (M = 

0.52, SD = 0.55; max. 5) and similar to pretest performance reported 

in Kostons et al. (2012, Experiment 1: M = 0.68, SD = 1.00; max. 5). A 

Kruskal-Wallis Test revealed no differences between conditions in 

pretest performance, χ2(2) = 3.551, p = .169.  
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Table 2.6. Mean (and SD) Pretest Performance, Posttest Performance, 

Posttest Mental Effort, Posttest Self-Assessment (SA) Accuracy, Posttest 

Task-Selection (TS) Accuracy, and Transfer Test Task-Selection Accuracy 

per Condition. 

 

Control Heuristic Algorithmic 

n M(SD) n M(SD) n M(SD) 

Pretest Performance 

(max. 5) 
18 

0.65 

(0.43) 
21 

0.48 

(0.69) 
23 

0.46 

(0.50) 

Posttest Performance 

(max. 5) 
16 

2.90 

(1.45) 
17 

3.04 

(0.90) 
21 

2.49 

(1.37) 

Posttest Mental Effort 

(max. 9) 
16 

2.98 

(2.02) 
17 

3.61 

(2.22) 
21 

4.49 

(1.82) 

Posttest SA Accuracy 

(max. 5)* 
16 

1.44 

(0.67) 
17 

1.53 

(0.72) 
21 

1.35 

(1.14) 

Posttest TS Accuracy 

(max. 9)* 
13 

4.67 

(1.25) 
14 

2.81 

(1.86) 
17 

3.69 

(1.77) 

Transfer TS Accuracy 

(max. 9)* 
15 

1.77 

(0.81) 
15 

1.47 

(0.70) 
18 

1.36 

(0.64) 

* lower = better 

 

Posttest Performance 
Posttest performance was higher than in Experiment A and B 

(M = 2.78, SD = 1.27; max. 5) and similar to posttest performance 

reported in Kostons et al. (2012; Experiment 1: M = 3.15, SD = 1.22). A 

one-way ANOVA showed no differences between conditions in 

performance, F(2, 51) = 0.96, p = .390. 

 

Posttest Mental Effort 

A Kruskal-Wallis Test revealed a difference between 

conditions in mental effort, χ2(2) = 6.002, p = .050. Post-hoc Mann-

Whitney Tests show that mental effort was higher than the control 

condition in the algorithmic condition, U = 95.0, p = .025, but not in 

the heuristic condition, U = 104.0, p = .248. 

 

Posttest Self-Assessment Accuracy 

 A one-way ANOVA showed no difference in self-assessment 

accuracy between conditions, F(2, 51) = 0.19, p = .828. 
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Posttest Task-Selection Accuracy 

 A one-way ANOVA revealed a difference between conditions 

in task-selection accuracy, F(2, 41) = 4.20, p = .022. Post-hoc Tukey 

Tests show that task-selection accuracy was better than the control 

condition in the heuristic condition, p = .016, but not in the 

algorithmic condition, p = .258. 

 

Transfer Test Task-Selection Accuracy  

A one-way ANOVA showed no difference in transfer-test task 

selection accuracy between conditions, F(2, 45) = 1.38, p = .261. 

 

Discussion 
 Experiment C showed that the new video modeling 

examples led to a substantial increase in performance. This 

performance was similar to the posttest performance reported in 

Kostons et al. (2012, Experiment 1: M = 3.15, SD = 1.22) and confirms 

that the design of these videos is effective. Although the results 

regarding self-assessment accuracy did not seem promising, the 

results on task-selection accuracy are more in line with previous 

findings. As these results are based on small samples, they are to be 

interpreted with caution. With these video modeling examples we 

could finally perform Experiment A as intended; that experiment is 

reported in the main manuscript. 
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Abstract 
 

Students’ ability to accurately self-assess their performance and 

select a suitable subsequent learning task in response is imperative 

for effective self-regulated learning. Video modeling examples have 

proven effective for training self-assessment and task-selection skills 

and – importantly – such training fostered self-regulated learning 

outcomes. It is unclear, however, whether trained skills would 

transfer across domains. We investigated whether skills acquired 

from training with either a specific, algorithmic task-selection rule or 

a more general heuristic task-selection rule in biology would transfer 

to self-regulated learning in math. A manipulation check performed 

after the training confirmed that both algorithmic and heuristic 

training improved task-selection skills on the biology problems 

compared to the control condition. However, we found no evidence 

that students subsequently applied the acquired skills during self-

regulated learning in math. Future research should investigate how to 

support transfer of task-selection skills across domains. 
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3.1. Introduction 
Developing self-regulated learning skills is important to 

prepare secondary education students for future learning in higher 

education and workplace settings (Bransford, Brown, & Cocking, 

2000). In learning environments in which students get the freedom 

to choose their own learning tasks, two skills are crucial for self-

regulated learning to be effective: Self-assessment and task-selection. 

When students are not able to accurately evaluate their own 

performance (self-assessment) and select an appropriate new 

learning task in response (task-selection), learning outcomes in the 

domain will be suboptimal, as students will end up working on 

learning tasks that are either too easy or too difficult for them. 

Because accurate self-assessment and task-selection is difficult (e.g., 

Bjork, Dunlosky, & Kornell, 2013), researchers in educational and 

(applied) cognitive psychology have been concerned with finding 

means to support or scaffold self-assessment and task-selection 

during self-regulated learning (e.g., Azevedo & Hadwin, 2005; 

Bannert, 2006; Dabbagh & Kitsantas, 2005; Kramarski & Gutman, 

2005; Winne et al., 2006), or to train those skills prior to self-

regulated learning (e.g., Azevedo & Cromley, 2004; Costa Ferreira, 

Veiga Simão, & Lopes da Silva, 2015; Kostons, Van Gog, & Paas, 2012; 

Leidinger & Perels, 2012; Perels, Gürtler, & Schmitz, 2005) with the 

aim of enhancing students’ learning outcomes.  

One training method that has proven effective for training 

self-assessment and task-selection skills, and for fostering domain-

specific learning outcomes, is the use of video modeling examples 

(Kostons et al., 2012; Raaijmakers et al., submitted). In those video 

modeling examples, another person (the model) first performed the 

task (i.e., a problem-solving task in the domain of biology), then 

assessed his or her own performance on the task (i.e., self-

assessment, by assigning a point for each correctly performed 

problem-solving step), and, finally, chose a suitable subsequent task 

from a database with tasks of different levels of complexity and 

support (i.e., task-selection, determining whether to select a task with 

higher, equal, or lower levels of support or complexity, based on a 

combination of self-assessed performance and mental effort 

invested to reach that performance). Students who were trained with 

these video modeling examples showed better domain-specific 

learning outcomes, as well as more accurate self-assessments and 
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task selections after a self-regulated learning phase (i.e., they had to 

work on eight biology problem-solving tasks that they could freely 

choose from the task database) than students in the control 

condition (Kostons et al., 2012). 

An important open question, however, is whether the trained 

self-regulated learning skills would transfer to other domains, other 

environments, or other types of tasks (Koedinger, Aleven, Roll, & 

Baker, 2009; Roll, Wiese, Long, Aleven, & Koedinger, 2014). For 

example, would students know how to decide what a suitable next 

learning task would be in mathematics, when they have acquired 

task-selection skills in the context of biology problems? Authors 

(submitted) started to address this question. Next to a no-training 

control condition5 and the algorithmic task-selection training 

condition used by Kostons et al. (2012), which combined self-

assessed performance and mental effort into a specific task-selection 

advice (i.e., should a student go forward or backward in 

support/complexity and how far), they implemented a more general, 

heuristic task-selection training (e.g., “when performance is high and 

invested effort is low, select a task that offers less support or is more 

complex”). They expected that the heuristic training condition would 

be more conducive to transfer as it is less dependent on the specific 

task details or database characteristics (number of 

support/complexity levels). Using a similar design and materials as 

Kostons et al. (2012), students first engaged in training, then engaged 

in self-regulated learning, followed by a problem-solving posttest 

(biology problems similar to the learning phase), and finally a transfer 

test (i.e., task selection in a different domain). Transfer of task-

selection skills was assessed by means of scenarios, in which 

students had to select a new task for a fictitious peer student in a 

different domain (math instead of biology as in the trained tasks), in 

which the problems sometimes differed in the number of problem-

solving steps (8 instead of 5 as in the trained tasks), and the task 

database sometimes had a different layout (with 32 instead of 75 

problems with different complexity and support levels). Results 

showed that both the heuristic and algorithmic training of self-

assessment and task-selection skills improved posttest performance 

                                                           
5 Students in the control condition observed the performance phase of the modeling 
examples, but not the self-assessment and task-selection phase. 
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on the biology problem-solving tasks after a self-regulated learning 

phase (replicating and extending the findings of Kostons et al., 2012). 

Importantly, both training conditions also showed better transfer of 

task-selection skills (i.e., self-assessment skills were not measured 

during the transfer test) than the control condition (however, they did 

not differ from each other).  

Note though, that although these scenarios did measure 

whether a learner had understood the task-selection rule and could 

apply it in a different domain, the degree of transfer required was 

arguably rather limited. Learners were given the input they needed to 

make a decision (self-assessed performance, self-assessed invested 

mental effort, and the complexity and support level of the previously 

performed task) and could fully devote their attention to task-

selection, which is much less cognitively demanding than having to 

engage in performing these novel math tasks and having to select a 

new task for yourself from a different-looking database. According to 

cognitive load theory, a secondary task (such as monitoring 

performance or thinking about task-selection rules while working on 

the primary, problem-solving task) can harm performance because 

the additional load involved in processing the secondary task would 

exceed the limited capacity of our working memory (Van Gog, 

Kester, & Paas, 2011; Van Merriënboer & Sweller, 2005). Having to 

perform a task yourself and having to select new tasks might 

therefore harm performance. Finally, having to assess your own 

performance and select a new task for yourself may differ from 

doing this for a peer (Panadero, Brown, & Strijbos, 2016). For decision 

making in general, the consensus is that decisions made for oneself 

are more risk averse (or less risk prone) than decisions made for 

others (Polman, 2012). Applied to task selection this would mean that 

learners would be more inclined to select easy tasks when selecting 

tasks for themselves and would be more inclined to select difficult 

tasks when selecting tasks for others (i.e., choosing difficult tasks 

increases the risk of failing). Thus, task selection on the transfer tasks 

in Raaijmakers et al. (submitted) using scenarios with fictitious peers 

might be biased due to these factors. Therefore, it is crucial to 

determine if task-selection skills also transfer when learners select 

tasks for themselves (after performing the problem-solving task). 

 

 

3 

14731 - Raaijmakers_BNW.indd   57 05-01-18   07:57



58 

3.1.1 The Present Study 

In the present study we investigated if self-assessment and 

task-selection skills trained with video-modeling examples (cf. 

Kostons et al., 2012; Raaijmakers et al., submitted) in one domain 

(biology) would transfer to a different domain (mathematics) in the 

sense that learners would reach higher domain-specific learning 

outcomes after self-regulated learning in math when they were 

trained compared to when they were not trained. We included two 

training conditions: one in which the model used the algorithm for 

task-selection (i.e. specific advice on complexity/support level) and 

one in which the model used a more general heuristic (e.g., “when 

performance is high and perceived effort is low, select a task that 

offers less support or is more complex”). We hypothesized that self-

assessment and task-selection training in the context of biology 

problem solving would result in better task-selection skills (i.e., on a 

transfer test without self-assessment; cf. Raaijmakers et al., 

submitted) in the same context (Hypothesis 1), and would result in 

higher posttest problem-solving performance in math after a self-

regulated learning phase in math (i.e., algorithmic and heuristic 

training > no training; Hypothesis 2a) as well as higher self-

assessment and task-selection accuracy on the posttest (Hypothesis 

3a).  

Presumably, the general heuristic will function as a bridge 

between the two contexts (i.e., biology domain and mathematics 

domain; Salomon & Perkins, 1989) which allows for better transfer of 

task-selection skills. However, as Authors (submitted) did not find this 

advantage of the heuristic over the algorithmic rule with students 

selecting tasks for fictitious peers, it is still an open question if transfer 

could be improved by the heuristic. Having to solve problems 

yourself might increase the cognitive load to such an extent that the 

heuristic will become necessary to lower the cognitive load. If this is 

correct, we would expect that that the heuristic task-selection 

training condition would show better transfer of task-selection skills, 

as evidenced by better performance on the math posttest, than the 

algorithmic group (Hypothesis 2b) and higher self-assessment and 

task-selection accuracy on the posttest (Hypothesis 3b). 
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3.2. Method 
3.2.1 Participants and Design 

A total of 84 students in their first year of Dutch secondary 

education (senior general secondary and pre-university education) 

participated in this study. Six participants did not manage to finish the 

experiment within the two available lesson periods and had to be 

excluded, leaving 78 participants (Mage = 12.22 years, SDage = 0.44; 28 

boys and 50 girls). Participants were randomly assigned to one out of 

three conditions: (1) a control condition (n = 26): video modeling 

examples in which the model performed a problem-solving task, (2) 

an algorithmic training condition (n = 24): video modeling examples 

in which the model performed a problem-solving task, rated invested 

mental effort, self-assessed performance, and used an algorithm to 

select a subsequent task, and (3) a heuristic training condition (n = 

28): video modeling examples in which the model performed a 

problem-solving task, rated invested mental effort, self-assessed 

performance, and used a heuristic to select a subsequent task. The 

timing in the curriculum was chosen so the participants had no prior 

knowledge of the specific problem-solving procedure of both the 

math problems and the biology problems, but were ready to acquire 

it. 

 

3.2.2 Materials 

All materials were presented online through a learning 

environment specifically designed for this study. 

 
3.2.2.1 Training phase: Video modeling examples and manipulation 

check (biology).  

The training consisted of four video modeling examples 

previously used in Raaijmakers et al. (submitted) and based on 

Kostons et al. (2012). The video modeling examples were screen 

recordings that showed the model (male or female, see Table 3.1) 

performing a problem-solving task in the domain of biology (i.e., 

monohybrid cross problem at the first or second level of complexity; 

see Table 3.1), self-assessing their performance and invested mental 

effort (an indicator of experienced cognitive load), and selecting a 

subsequent task. The biology task database consisted of five levels of 

complexity, with three levels of support within each complexity level, 

and five isomorphic tasks for each combination of complexity and 
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support, creating a total of 75 problems. The biology tasks were five-

step problem-solving tasks that were solvable using a set procedure. 

The models used the same problem-solving procedure in each video 

modeling example. Performance was rated by the models using a 6-

point scale ranging from 0 to 5 and mental effort was rated using a 

9-point scale with labels at the uneven numbers: (1) very, very little 

mental effort, (3) little mental effort, (5) neither little nor much mental 

effort, (7) much mental effort, and (9) very, very much mental effort 

(Paas, 1992). To ensure variability in self-assessment and task 

selection between the video modeling examples, performance was 

varied (i.e., models did not complete the task in two cases; see Table 

3.1). 

 
Figure 3.1: Algorithm used for task-selection advice used in the video 

modeling examples (for the 5-step biology problems) showing the jump size 

and direction in the task database (- indicates 1 or 2 rows to the left, + 

indicates 1 or 2 rows to the right) for the combination of self-assessed 

performance and mental effort. 

 

Participants in the algorithmic condition were shown a 

model selecting a subsequent task – while thinking aloud – using the 

algorithm also used by Kostons et al. (2012) and Raaijmakers et al. 

(submitted). This algorithm combines scores on self-assessed 

performance and mental effort into a specific task-selection advice 

(see Figure 3.1 and Table 3.1). For example, if a learner gave his/her 

performance a self-assessed score of 4 and the invested mental 

effort a rating of 2 this would result in a task-selection advice of +2 

(i.e., go two columns to the right in the task database).  

Performance

4-5 +2 +1 0

2-3 +1 0 -1

0-1 0 -1 -2

1-3 4-6 7-9
Effort
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Table 3.1. Features of the Video Modeling Examples 

Example Model Complexity #Steps Correct Effort Advice 

1 Female Level 1 5 steps 2 +2 

2 Male Level 1 5 steps 5 +1 

3 Female Level 2 4 steps 7 0 

4 Male Level 2 3 steps 8 -1 

 

Participants in the heuristic condition were shown a model 

selecting the same subsequent task, but now task selection was 

based on a general heuristic (underlying the algorithm). Using the 

above example (self-assessed performance of 4 and invested mental 

effort of 2), the model would say “I attained a high score on 

performance with a very low amount of effort, so I am ready for a 

more difficult task or one with less support”. During the time that 

participants in the experimental conditions watched the second and 

third part of the video modeling examples, participants in the control 

condition were asked to describe what the five steps of the problem-

solving task in the video modeling example were (i.e., typing them in 

step-by-step; cf. Stark, Mandl, Gruber, & Renkl, 2002).  

 To check if participants had indeed acquired task-selection 

skills from the video modeling examples, eight scenarios were used 

in which students had to indicate what a suitable next task would be 

for a fictitious peer student who had just completed a five step 

heredity problem-solving task (i.e., similar to the tasks used in the 

video modeling examples). Participants were given a fictitious peer 

student’s self-assessed performance and invested effort on a 

problem from the task database, and were shown the complexity 

and support level of that problem (highlighted in the task database). 

With this information participants had to select an appropriate 

subsequent task for the fictitious peer by clicking on that task in the 

task database. An example of a scenario is: “Eve has just performed a 

biology problem of complexity level 2 without any support, 

consisting of 5 steps. She rated her invested mental effort with a 2 on 
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a scale from 1 to 9. She performed 1 step incorrectly. What kind of 

task should Eve select next from this task database?”. 
 

(a) 

(b) 

 
Figure 3.2: (a) Biology task database containing the 75 problem-solving tasks 

showing the different levels of complexity, different levels of support, and the 

different surface features of the learning tasks. (b) Mathematics task database 

containing the 40 math problem-solving tasks showing the different levels of 

complexity and different levels of support. 

 

3.2.2.2 Math problem-solving tasks   

The tasks used to assess whether the self-assessment and 

task-selection skills acquired from the training in the context of 

biology problems would transfer to another domain, were math 

problems in which students needed to find the linear equation of a 

given line. The problems could be solved in three steps: (1) identify 

the slope using two known points, (2) find the y-intercept, and (3) use 

3 

14731 - Raaijmakers_BNW.indd   62 05-01-18   07:57



63 

the slope and the y-intercept to complete the equation. Appendix 3.1 

shows an example of a task from the third level of complexity with 

high support.  

The task database with math problems contained 40 

problems at five levels of complexity, with two levels of support 

within each complexity level (see Figure 3.2b). The levels of 

complexity  (top row of Figure 3.2b) were designed in collaboration 

with mathematics teachers and pilot-tested on a separate group of 

participants. Tasks at complexity level 1 only contained an intercept. 

Tasks at complexity level 2 only contained positive slopes. Tasks on 

complexity level 3 contained both an intercept and positive slopes. 

Tasks at complexity level 4 introduced negative slopes. Finally, in 

tasks at complexity level 5 the y-axis was not visible in the graph, 

which meant that the intercept could not be read of off the graph 

directly and had to be deduced. Each level of complexity contained 

two levels of support (see the second row in Figure 3.2b): high 

support, where the first two steps were worked out, leaving one step 

for the learner to complete, and no support, where no steps were 

worked out and the learner had to solve the entire problem without 

any assistance. The combination of five levels of complexity and two 

levels of support created 10 columns in which the tasks were 

organized. In each column, four isomorphic tasks were presented, 

resulting in a total of 40 tasks.  

 

3.2.2.3 Pretest 

The math pretest was used to check whether students were 

indeed novices regarding the topic at hand. It consisted of three 

problem-solving tasks without support (one task at each of the first 

three complexity levels, ordered from low to high complexity). These 

tasks had the same structure as the tasks in the database, but 

contained different slopes and intercepts. After each problem 

participants were asked to rate their invested mental effort and to 

self-assess their performance. 

 

3.2.2.4 Self-regulated learning phase 

In the self-regulated learning phase, participants were 

instructed to select and perform (successively) eight tasks of their 

own choice from the math task database. Participants were asked to 

rate how much mental effort they invested in solving the problem on 
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the 9-point rating scale (Paas, 1992) and how well they performed on 

a 4-point rating scale ranging from 0 to 3. Next, they selected the 

task they would work on next from the math task database. When 

they had chosen and performed eight tasks, participants 

automatically went through to the posttest. 

 
3.2.2.5 Posttest 

The math posttest consisted of five different problems, one 

from each level of complexity. The problems were structurally similar 

to the tasks in the database, but contained different surface features. 

After each problem participants were asked to rate their invested 

mental effort, self-assess their performance, and indicate what a 

suitable subsequent task would be. They did not actually get this task, 

the posttest was the same for all participants, but this allowed us to 

calculate task-selection accuracy on the posttest. Participants were 

informed that they would not actually get the selected tasks on the 

posttest. 

 

3.2.3 Procedure 

Test sessions took approximately 90 minutes (two lesson 

periods). Four classes participated and participants were randomly 

assigned to conditions within each class by means of login codes 

that allocated them to the different conditions (i.e., all conditions 

were present in each class). During a session, the experimenter first 

explained the general procedure of the experiment after which 

students were allowed to login to the learning environment. After 

performing the pretest, students watched the four video modeling 

examples. Which specific parts of the videos the participants got to 

see depended on their assigned condition. After the videos, 

participants received the task-selection skills training check, and this 

was followed by a self-regulated learning phase. During the self-

regulated learning phase students repeated the following cycle eight 

times: they chose and performed a problem-solving task, rated their 

mental effort and performance on this task, and chose a next task, 

which they would receive to repeat the cycle. Finally, students 

completed the posttest. 
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3.2.4 Data Analysis 

Performance on the math pretest and posttest problem-

solving tasks was scored by assigning one point for each correct step 

(i.e., range per problem: 0-3 points); a performance score on the 

pretest and posttest was then calculated by averaging the scores on 

the three (pretest) and five (posttest) problems (i.e., performance 

score range: 0-3).  

Task-selection accuracy on the manipulation check 

scenarios was determined by calculating the absolute difference 

between the task that should have been selected based on the 

algorithm (for the 5-step biology problems; see Figure 3.1) and the 

actual task selected by the participant in the biology task database 

(i.e., a self-assessed performance of 5 and a mental effort of 1 results 

in a task-selection advice of +2). On the posttest, task-selection 

accuracy was calculated in a similar manner but with an algorithm 

adapted for the 3-step problems. Low performance was defined as 0 

steps performed correctly, medium performance as 1 or 2 steps 

performed correctly, and high performance as 3 steps performed 

correctly (i.e., a self-assessed performance of 3 and a mental effort of 

1 would result in a task-selection advice of +2).  

 

3.3. Results 
Table 2 shows the pretest, posttest, and transfer test data per 

condition. Data were analyzed with ANOVAs or with Kruskal-Wallis 

Tests when Shapiro-Wilk's test showed that the assumption of 

normality was violated. Partial eta-squared (partial η2) and Pearson’s 

correlation (r) are reported as measures of effect size for ANOVA and 

Kruskal-Wallis Tests, respectively. The cutoffs for small, medium, and 

large effects are .01, .06, and .14, respectively, for partial eta-squared, 

and .10, .30, and .50, respectively, for Pearson’s correlation (Cohen, 

1988). 

 

3.3.1 Task-selection Skills Training Manipulation Check 

To determine whether the training with video modeling 

examples had been effective, we compared performance on the 

task-selection manipulation check (biology problem scenarios), 

expecting the training conditions to outperform the no training 

condition (Hypothesis 1). An Independent-Samples Kruskal-Wallis Test 

showed that the task-selection accuracy scores differed between 
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conditions, χ2(2) = 21.639, p < .001,  r = .53. Post-hoc Mann-Whitney 

U Tests showed that the heuristic training, U = 152.0, p < .001, r = 

.50, and algorithmic training, U = 111.0, p < .001, r = .55, showed 

significantly higher task-selection accuracy than the control group 

(i.e., lower scores indicate better task-selection accuracy, see Table 

2). Moreover, algorithmic training led to significantly higher task-

selection accuracy than heuristic training, U = 219.5, p = .032, r = 

.30. 

 

3.3.2 Math Pretest Performance (randomization and prior 

knowledge check) 

As expected, overall performance on the math pretest 

problems was very low (M = 0.07 out of 3, SD = 0.18). As a 

randomization check, pretest performance and self-reported mental 

effort invested in the pretest were compared between conditions. An 

Independent-Samples Kruskal-Wallis Test revealed no significant 

differences between conditions in pretest performance, χ2(2) = 

2.500, p = .287,  r = .18, or effort investment, χ2(2) = 3.437, p = .179,  
r = .21. 

 

3.3.3 Math Posttest 

Average performance on the math posttest problems across 

conditions was 0.78 (out of 3; SD = 0.70). To test if posttest 

performance differed between conditions, with performance being 

higher in the trained conditions than in the control condition 

(Hypothesis 2a) and higher in the heuristic than in the algorithmic 

training condition (Hypothesis 2b), an Independent-Samples Kruskal-

Wallis Test was performed, which revealed that posttest performance 

did not differ significantly between conditions, χ2(2) = 3.512, p = .173, 

r = .21. Moreover, mental effort ratings did not differ between 

conditions, F(2, 75) = 0.74, p = .481, partial η2 = .019. 

To test if self-assessment and task-selection accuracy on the 

math posttest differed between conditions (Hypothesis 3a and 3b), 

we performed an Independent-Samples Kruskal-Wallis Test on the 

self-assessment accuracy data and a one-way ANOVA on the task-

selection accuracy data. These analyses showed no significant 

differences between conditions in self-assessment, χ2(2) = 1.757, p = 
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.415, r = .15, or task-selection F(2, 75) = 2.06, p = .135, partial η2 = 

.052. 

 
Table 3.2. Mean (and SD) of Pretest Performance and Mental Effort, the 

Task-selection Check (i.e., Task-Selection Accuracy), and Posttest 

Performance, Mental Effort, Self-assessment Accuracy, and Task-selection 

Accuracy per Condition  

 

Control 

(n = 26) 

Heuristic 

(n = 28) 

Algorithmic 

(n = 24) 

M SD M SD M SD 

Pretest performance  

(max. 5) 

0.10 0.23 0.02 0.09 0.10 0.21 

Pretest mental effort 

(range: 1 – 9) 

6.56 2.13 5.45 2.45 6.50 1.58 

Task-selection check  

(max. 9)a  

2.69 1.00 1.67 0.81 1.28 1.11 

Posttest performance  

(max. 5) 

0.63 0.60 0.76 0.82 0.98 0.61 

Posttest mental effort 

(range: 1 – 9) 

5.77 2.34 5.23 2.62 4.93 2.51 

Posttest self-assessment 

accuracya 

1.21 0.92 1.24 1.05 1.44 0.77 

Posttest task-selection 

accuracya 

2.87 1.10 2.25 1.40 2.25 1.28 

a lower = better 

 

3.4. Discussion 
Prior research has shown that training self-assessment and 

task-selection skills with video modeling examples improved learning 

outcomes after a self-regulated learning phase in which students 

worked on the same kind of problems as demonstrated in the 

examples (Kostons et al., 2012; Raaijmakers et al., submitted). 

Moreover, some evidence was found that these skills might transfer; 

students who had received training and engaged in self-regulated 

learning in biology, made more accurate task-selection choices for 

fictitious peers (based on accurate information on the peer’s 

performance and invested effort on math problems that had a 

different number of steps and came from a task database with a 

different structure (Raaijmakers et al., submitted). This was a rather 
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limited form of transfer, though, and we would want learners to be 

able to apply the self-regulated learning skills they learned in one 

domain also when studying in a different domain. 

Therefore, the aim of the present experiment was to 

establish whether self-assessment and task-selection skills trained in 

one domain (biology) would transfer, that is, would be applied during 

self-regulated learning and therefore lead to better posttest 

performance in a different domain (mathematics). Secondary 

education students first engaged in self-assessment and task-

selection training with video-modeling examples (or not, in the 

control condition) followed by a manipulation check. Then they 

engaged in self-regulated learning in math followed by a math 

posttest.  

The manipulation check on whether participants acquired 

task-selection skills from the training with video modeling examples 

indeed confirmed that training improved task-selection accuracy, 

with participants in the algorithmic condition being most accurate in 

selecting new biology tasks, followed by the heuristic condition 

which, in turn, was more accurate than the control condition 

(Hypothesis 1). However, there was no evidence of transfer: there 

were no differences among conditions in math posttest performance 

(or self-assessment and task-selection accuracy at posttest; 

Hypothesis 2a/b and 3a/b), suggesting that students failed to apply 

the skills trained with biology tasks during the self-regulated learning 

phase with mathematics tasks.  

One possible explanation for why task-selection skills did not 

transfer is that students might have been unable to map what they 

had learned with 5-step biology problems and a task database with 

five complexity levels and three levels of support within each 

complexity level, onto 3-step math problems and a task database 

with five complexity levels and two support levels. Using different 

metrics for the assessment of performance creates difficulties for 

transfer by increasing the distance between the source (here: biology 

self-assessment/task selection) and target (here: mathematics self-

assessment/task selection) of transfer (Kimball & Holyoak, 2000; 

Salomon & Perkins, 1989). We had expected the heuristic to increase 

the similarity between source and target by transforming the five 

problem-solving steps into three reference categories (i.e., 

high/medium/low performance) making it less dependent on the 
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specific task (number of problem-solving steps) or database 

characteristics (number of support/complexity levels) than the 

algorithmic training condition, but found no indications that this was 

the case. 

However, mapping problems would not explain why prior 

research (Raaijmakers et al., submitted) did find evidence of transfer. 

In a prior study, students were found to make more accurate task-

selection choices for fictitious peers in scenarios about the peer’s 

performance and effort investment on math problems that had a 

different number of steps and came from a task database with a 

different structure. A potential explanation for this discrepancy is that 

the cognitive load experienced during the self-regulated learning 

phase in math could have left students with insufficient cognitive 

resources to simultaneously think about what they had learned 

during the training and how that would translate to these new tasks 

(cf. Van Gog, Kester, & Paas, 2011). That is, selecting a task for a 

fictitious student, based on information that is already given, is 

presumably much less cognitively demanding than having to keep in 

mind and adapt self-assessment and task-selection rules while also 

working on novel and difficult problems (which can be seen as a 

secondary task). 

In conclusion, although prior findings showed that example-

based learning of self-assessment and task-selection skills can be an 

effective and relatively easy to implement method for improving 

students’ self-regulated learning outcomes, secondary school 

students might not be able to apply these skills when they are 

engaging in self-regulated learning in a different domain. Because it 

is rare for spontaneous transfer to occur, especially under conditions 

of high cognitive load, more explicit instruction might be necessary 

for task-selection skills to transfer from domain to domain (Salomon 

& Perkins, 1989). For instance, maybe students would need explicit 

prompts during self-regulated learning in math, instructing them to 

think back about what they learned about self-assessment and task-

selection in the context of biology. How to scaffold the transfer of 

self-regulated learning skills remains an important question for future 

research. 
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Appendix 3.1 

Example of problem-solving task 

(third level of complexity with high support) 
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Abstract 
 

Effective self-regulated learning in settings in which students can 

decide what tasks to work on, requires accurate self-assessment (i.e., 

a judgment of own level of performance) as well as accurate task 

selection (i.e., choosing a subsequent task that fits the current level 

of performance). Because self-assessment accuracy is often low, 

task-selection accuracy suffers as well and, consequently, self-

regulated learning can lead to suboptimal learning outcomes. Recent 

studies have shown that a training with video modeling examples 

enhanced self-assessment accuracy on problem-solving tasks, but 

the training was not equally effective for every student and, overall, 

there was room for further improvement in self-assessment 

accuracy. Therefore, we investigated whether training with video 

examples followed by feedback focused on self-assessment 

accuracy would improve subsequent self-assessment and task-

selection accuracy in the absence of the feedback. Experiment 1 

showed, contrary to our hypothesis, that self-assessment feedback 

led to less accurate future self-assessments. In Experiment 2, we 

provided students with feedback focused on self-assessment 

accuracy plus information on the correct answers, or feedback 

focused on self-assessment accuracy, plus the correct answers and 

the opportunity to contrast those with their own answers. Again, 

however, we found no beneficial effect of feedback on subsequent 

self-assessment accuracy. In sum, we found no evidence that 

feedback on self-assessment accuracy improves subsequent 

accuracy. Therefore, future research should address other ways 

improving accuracy, for instance by taking into account the cues 

upon which students base their self-assessments. 
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4.1. Introduction 
Students in secondary education are increasingly required to 

learn how to self-regulate their learning, because self-regulated 

learning, that is, the extent to which students are “metacognitively, 

motivationally, and behaviorally active participants in their own 

learning process” (Zimmerman, 1986, p. 308), is imperative for 

learning in higher education and workplace settings (Bransford, 

Brown, & Cocking, 2000). Two key components of self-regulated 

learning are monitoring (i.e., evaluating your own 

learning/performance) and control (i.e., regulating your study 

behavior; e.g., Nelson & Narens, 1990; Winne & Hadwin, 1998; 

Zimmerman, 1990). For self-regulated learning to be effective, both 

monitoring judgments and control decisions need to be accurate 

(e.g., Bjork, Dunlosky, & Kornell, 2013). Unfortunately, students’ 

monitoring accuracy is often low (Brown & Harris, 2013; Winne & 

Jamieson-Noel, 2002). Because accurate control depends on 

accurate monitoring (Thiede, Anderson, & Therriault, 2003), the 

control of study behavior can suffer as well (e.g., Winne & Jamieson-

Noel, 2002), and consequently, self-regulated learning often leads to 

suboptimal learning outcomes (Kornell & Bjork, 2008). Hence, it is 

important to improve learners’ monitoring accuracy. 

Training self-regulated learning skills has been found to be 

effective for improving learners’ monitoring and control accuracy 

(e.g., Azevedo & Cromley, 2004; Bol, Campbell, Perez, & Yen, 2016; 

Kostons, Van Gog, & Paas, 2012). For example, during a 30-min 

training session, Azevedo and Cromley (2004) trained college 

students on how to regulate their learning in a hypermedia 

environment. During the training the experimenter explained the 

different phases and areas of regulation with the help of a table, 

described a model of self-regulated learning with a diagram, and 

gave a definition of each self-regulated learning variable on a list of 

17 variables. After the training the students were allowed to learn 

about the human cardiovascular system using the hypermedia 

environment. Students in the training condition verbalized more 

about monitoring and learned more about the topic than students in 

the control condition. The training used by Bol et al. (2016) consisted 

of self-regulated learning exercises given to community college 

students during a 3-week mathematics course. Students had to 

perform four exercises each week and each of these exercises 
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corresponded to a particular self-regulated learning component. For 

instance, one of the exercises was to set a weekly academic goal 

(corresponding with the component ‘goal setting’). Students in the 

training condition reported using more metacognitive self-regulation 

(actual behavior was not measured) and their achievement was 

higher than that of students in the control condition. 

Another type of self-regulated learning training focused on 

improving self-assessment (i.e., monitoring) and task-selection (i.e., 

control) skills in a learning environment in which students could 

choose their own problem-solving tasks. Kostons et al. (2012) used 

video modeling examples based on principles from both social 

learning theory (Bandura, 1977) and example-based learning (Renkl, 

2014). Video modeling examples have proven effective for the 

acquisition of various domain-specific skills as well as self-regulated 

learning skills (Van Gog & Rummel, 2010). Kostons et al. used four 

video modeling examples to train self-assessment and task-selection 

skills. The examples consisted of screen recordings with voice overs, 

showing models demonstrating how they performed a problem-

solving task, rating how much mental effort they invested, self-

assessing their performance, and selecting a next task based on a 

combination of self-assessed performance and invested effort (e.g., 

when performance was high and effort was low, a more complex 

task was selected). In their first experiment, Kostons et al. (2012) 

found that self-assessments and task selections on problem-solving 

tasks were more accurate after the training with video modeling 

examples compared to no training. In their second experiment, 

students engaging in this training prior to a self-regulated learning 

phase in which they could select their own learning tasks, performed 

better on a posttest after the self-regulated learning phase than 

participants who were not trained. However, even though the results 

from Kostons et al. (2012) were promising, there was room for 

further improvement in self-assessment accuracy. Moreover, 

standard deviations were large, meaning there were substantial 

individual differences in the effectiveness of the training (Kostons et 

al., 2012). 

This might suggest that some students had learned more 

from the video modeling examples training than others or that some 

found it difficult to apply the self-assessment and task-selection skills 

they had learned from the video modeling examples during the self-
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regulated learning phase. A potential solution might be to further 

scaffold self-assessment while students engage with practice 

problems after the self-regulated learning training. Similar to 

externally provided feedback on performance, providing feedback on 

self-assessments may allow students adjust their self-assessments  

(Butler & Winne, 1995). 

 

4.1.1 Self-Assessment Feedback 

When asked to self-assess their performance, students have 

to compare their answer to an internal standard (i.e., knowledge of 

what constitutes poor, average, or good performance) unless an 

external standard is available (i.e., criteria are given). Winne and 

Hadwin (1998) describe this in their COPES model, which identifies 

five different aspects of learning tasks that learners cope with during 

studying, represented in the acronym: Conditions, Operations, 

Products, Evaluations (of products, i.e., self-assessment), and 

(internal) Standards (for products). Simply put, the execution of 

operations leads to products that can be evaluated against internal 

standards (internal model of what represents a correct answer). 

Students can decide, based on the evaluation, if they have learned 

enough (to pass a test), if learning went well, or if they have 

performed well. In the case of a multistep problem-solving task 

(which we use in this study) a student uses standards that include 

knowledge of the problem-solving procedure to assess his or her 

performance. If such a standard is of poor quality, self-assessment 

accuracy would be negatively affected. For example, students could 

mistakenly identify incorrectly performed steps as correctly 

performed steps, or students could use cues that are not necessarily 

predictive of their performance, such as fluency or effort, that might 

bias their self-assessments (see Koriat, 1997). When novices start 

learning how to solve a problem, they lack proper internal standards 

(i.e., they have no internal model of what constitutes a correct 

answer) and, consequently, cannot evaluate their performance 

properly. The conjunction of both incompetence and the 

recognition thereof has been called ‘the double curse of 

incompetence’ (Kruger & Dunning, 1999). The lack of internal 

standards might explain why some learners’ self-assessments are 

inaccurate—even after training such as given in Kostons et al. (2012). 
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Providing students with external standards through feedback 

in the form of correct answers could support self-assessment. They 

can then contrast their own answers with the correct answers and, 

hopefully, make a more accurate assessment of their learning. 

Indeed, when learners are provided with correct answers when 

assessing their own learning, their self-assessment accuracy has 

been shown to improve (Baars, Vink, Van Gog, De Bruin, & Paas, 

2014; Dunlosky, Hartwig, Rawson, & Lipko, 2010; Lipko, Dunlosky, 

Hartwig, Rawson, Swan, & Cook, 2009; Rawson & Dunlosky, 2007).  

However, because in all of these studies the standards 

(correct answers) were provided during self-assessment, we cannot 

know for sure whether the quality of students’ internal standards 

improved, that is, whether they would be able to make more 

accurate self-assessments in the absence of the standards. That 

would require measuring on subsequent tasks, in the absence of the 

feedback, whether accuracy improved from the feedback (which is 

done in the present study). Moreover, when provided with the 

correct answers, learners are able to study those answers and learn 

from them. This could lead to higher test performance for the 

learners who had access to the correct answers (cf. Rawson & 

Dunlosky, 2007), which may lead to two problems. First, when such 

(re)study opportunities lead to higher performance, it is more difficult 

to conclude that self-assessment has improved independently of 

performance because – as mentioned above – higher performance 

is associated with higher self-assessment accuracy (Dunning, Heath, 

& Suls, 2004; Kruger & Dunning, 1999). Second, because learners 

typically overestimate their performance, self-assessment accuracy 

may improve not so much because learners became more accurate 

self-assessors (i.e., acquired better standards to assess performance), 

but because their performance improved (i.e., if learners 

overestimate their performance and do not take into account the 

increase in performance from learning phase to test; cf. Kornell & 

Bjork, 2008). 

In order to avoid the issues that standards in the form of 

correct answers bring along, yet still provide learners with support to 

better calibrate their internal standards, researchers have suggested 

that feedback could be provided with a focus on the accuracy of 

their self-assessments instead of their performance (self-assessment 

feedback; Panadero, Brown, & Strijbos, 2015; Winne & Nesbit, 2009). 
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By providing learners with the information that their self-assessment 

was (in)accurate they could deduce that their internal standards need 

to be adjusted, without having access to the correct answers. In a 

study by Nietfeld, Cao, and Osborne (2006), participants in the 

treatment group were provided with self-assessment exercises after 

each class. These exercises asked students to self-rate their 

understanding of the day’s class, identify difficult content, write down 

how they would improve their understanding, and, finally, answer 

review questions with confidence judgments (i.e., 0-100%) after each 

question. After these exercises, the answers to the review questions 

were discussed in class. Students were encouraged to compare their 

confidence judgments with their performance. On each test (there 

were four tests in total) all students were asked to provide 

confidence judgments for each item on the test. Calibration (i.e., the 

difference between confidence judgment and performance) 

improved over time for students who received self-assessment 

exercises (Nietfeld et al., 2006). Although the feedback was still 

mostly focused on performance, participants were prompted to 

generate self-assessment feedback themselves by comparing their 

confidence rating to the performance feedback.  

 

4.1.2 The Current Study 

The aim of the study presented here was to investigate 

whether – after an initial self-regulated learning training – self-

assessment accuracy can further improve from feedback that is 

focused on the accuracy of self-assessments, instead of focused on 

students’ problem-solving task performance. In two experiments, 

participants first received self-assessment and task-selection training 

with video modeling examples (cf. Kostons et al., 2012; Authors, 

submitted), then engaged in problem-solving and self-assessment 

during a learning phase in which they received self-assessment 

feedback, followed by problem-solving and self-assessment during a 

test phase in which the feedback was no longer present. The primary 

outcome measures were self-assessment accuracy during the test 

phase (i.e., with no feedback present), and task-selection accuracy 

(because self-assessment accuracy is considered a necessary 

condition for task-selection accuracy, task-selection accuracy would 

be expected to improve from improved self-assessment accuracy).  
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In Experiment 1, we compared the effectiveness of two types 

of self-assessment feedback to a no-feedback control condition 

(which only received the self-assessment and task-selection training): 

general feedback, which indicated whether a self-assessment was 

correct or incorrect and how many steps had actually been 

performed correctly, versus more specific feedback, which -in 

addition to the general feedback- also indicated which steps had 

actually been performed correctly or incorrectly (by flagging the 

steps as correct/incorrect, but not providing the correct answer to 

the step). In a study by Miller and Geraci (2011), when learners were 

given more specific performance feedback, self-assessment 

accuracy improved, but not when learners were given more general 

feedback. Similarly, specific self-assessment feedback would allow 

learners to adjust their internal standards at the level of the problem-

solving steps (e.g., “I thought I understood how to solve step 1, 2, 3, 

and 4, but not step 5, but from the self-assessment feedback I 

learned that I don’t understand step 4 either”). General self-

assessment feedback, in contrast, would only allow the learner to 

determine whether they overestimated or underestimated their 

overall performance at the level of the task (e.g., “I thought I 

performed 3 out of the 5 steps correctly, but apparently I only 

performed 1 step correctly”).  

We hypothesized that during the learning phase, participants 

in both feedback conditions would be able to make more accurate 

task-selection decisions than participants in the control condition 

(Hypothesis 1), as these could be directly based on the actual 

performance indicated in the feedback. Regarding the test phase (i.e., 

in the absence of the feedback), we hypothesized that participants in 

the feedback conditions would demonstrate more accurate self-

assessment than participants in the control condition (Hypothesis 

2a), and that the specific self-assessment feedback condition would 

demonstrate more accurate self-assessment than participants in the 

general self-assessment condition (Hypothesis 2b; i.e., Hypothesis 2: 

specific > general > no). If hypothesis 2 would be confirmed, we 

would expect a similar pattern of results for task-selection accuracy 

during the test phase (Hypothesis 3).  

In Experiment 2, we investigated the combination of general 

self-assessment feedback and correct answer feedback. As 

mentioned earlier, being presented with the correct answers during 
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self-assessment is known to improve accuracy (Baars et al., 2014; 

Baker, Dunlosky, & Hertzog, 2010; Dunlosky, et al., 2010; Dunlosky & 

Rawson, 2012; Lipko et al., 2009; Rawson & Dunlosky, 2007; 

Rawson, O’Neil, & Dunlosky, 2011), but it is unclear whether 

participants would still show better accuracy in the absence of the 

answers. Therefore, Experiment 2 used a similar design as 

Experiment 1, distinguishing a learning phase (with feedback) and test 

phase (without feedback), to shed light on this issue. To control for 

the possibility that students would learn from studying the correct 

answers, thereby improving their performance (which could in turn 

lead to improved self-assessment accuracy; Dunning, Johnson, 

Ehrlinger, & Kruger, 2003; Kruger & Dunning, 1999), we added a 

condition in which students could study the correct answers, but 

could not compare them to their own answers. This enabled us to 

isolate the added effect of contrasting your own answers to correct 

answers. If restudy of the correct answers would lead to an increase 

of performance (and improved self-assessment accuracy), this could 

be detected in the difference between the correct answer condition 

and the control condition. 

We hypothesized that during the learning phase, participants 

in both feedback conditions would be able to make more accurate 

task-selection decisions than participants in the control condition 

(Hypothesis 4), as these could be directly based on the actual 

performance indicated in the feedback. Regarding the test phase (i.e., 

in the absence of the feedback), we hypothesized that participants in 

the feedback conditions would demonstrate more accurate self-

assessment than participants in the control condition (Hypothesis 

5a), and that the self-assessment feedback + contrasting own 

answers with correct answers condition would demonstrate more 

accurate self-assessment than participants in the self-assessment 

feedback + correct answers condition (Hypothesis 5b; i.e., 

Hypothesis 5: contrast > correct > no). If Hypothesis 5 would be 

confirmed, we would expect a similar pattern of results for task-

selection accuracy during the test phase (Hypothesis 6). 

 

4.2. Experiment 1 
4.2.1 Method 
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4.2.1.1 Participants and design 

A total of 204 adolescents in their third year of Dutch 

secondary education participated in this study. They were in senior 

general secondary education (the second highest level with a five 

year duration; n = 154) or pre-university education (the highest level 

with a six year duration; n = 50). Three participants were excluded 

due to too much prior knowledge of the learning tasks (i.e., scoring 

60% or higher). Another 93 participants had to be excluded because 

they did not manage to finish the experiment within the lesson 

period6. The remaining sample of 108 participants had a mean age of 

14.35 years (SD = 0.67), and contained 49 boys and 59 girls. 

Participants were randomly assigned to one of the three conditions: 

no feedback (n = 37), general self-assessment feedback (n = 34), or 

specific self-assessment feedback (n = 37). 

 

4.2.2 Materials and procedure 

The experiment was conducted in computer rooms at 

students’ schools with ca. 20 - 30 students per session. Sessions 

were restricted by the length of a lesson period (~50 min). All 

materials were presented in a dedicated web-based learning 

environment created for this study. Participants were provided with a 

personal login and password (which handled the random 

assignment) and were asked to fill out some demographic 

information on paper before logging in (i.e., age, gender, prior 

education). Before starting with the experiment, participants were 

instructed to perform all the tasks by themselves and in private. 

Participants first completed the pretest, then received the video-

modeling examples training (~15 min), after which they went on to 

the learning phase and finally, to the test phase. The pretest, learning 

phase, and test phase were self-paced. 

 
4.2.2.1 Problem-solving tasks 

The problem solving tasks (see Appendix 4.1) were in the 

domain of biology (monohybrid cross problems) and the problem 

                                                           
6 For this reason, additional participants were recruited as we were aiming for at least 
30 participants per condition, hence the high overall sample size. Exclusion was equal 
across conditions, χ2(2) = 0.281, p = .869. Excluded participants did not perform 
significantly different from non-excluded participants during the learning phase, t(187) 
= 1.24, p = .217, and did not self-assess significantly different, t(187) = 0.50, p = .621. 
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solving procedure consisted of five distinct steps (cf. Corbalan, 

Kester, & Van Merriënboer, 2009; Kostons et al., 2012): (1) translating 

the information given in the cover story into genotypes, (2) putting 

this information in a family tree, (3) determining the number of 

required Punnett squares, (4) filling in the Punnett square(s), (5) 

finding the answer(s) in the Punnett square(s). The tasks used in this 

experiment were selected from a database (cf. Kostons et al., 2012) 

with 75 tasks at five complexity levels and three support levels within 

each complexity level (Figure 4.1). Tasks increased in complexity 

across levels by an increase in the number of generations, an 

increase in the number of unknowns, the possibility of multiple 

correct answers, and the type of reasoning needed to solve the 

problem. Tasks with high support had 4 steps already worked-out, 

leaving 1 for the student to complete, tasks with low support had 2 

steps already worked-out, leaving 3 for the student to complete, and 

tasks with no support required students to solve the entire problem 

on their own (cf. completion problems: Paas, 1992; and fading 

strategy: Renkl & Atkinson, 2003). 

 

 
Figure 4.1: Task database containing the 75 problem-solving tasks showing 

the different levels of complexity, different levels of support, and the 

different surface features of the learning tasks. 

 

Complexity level Support 
level Learning tasks

Complexity 5:
-3 generations
-2 unkowns
-Multiple answers
-Both ways

No support Eye color Hair structure Milk allergy Depression Huntington

Low support Eye color Hair structure Dog tail length Wolfram Flower color

High support Eye color Hair structure Cystic Fibrosis Fruit flies Rat fur

Complexity 4:
-3 generations
-1 unkown
-Multiple answers
-Both ways

No support Eye color Hair structure Albinism Cat fur shape Fruit flies

Low support Eye color Hair structure Fruit flies Tongue curling Flower color

High support Eye color Hair structure Pea plant Dimples Depression

Complexity 3:
-2 generations
-1 unknown
-Multiple answers
-Inductive

No support Eye color Hair structure Fruit flies Chicken beak Wolfram

Low support Eye color Hair structure Dog tail length Apple tree Milk allergy

High support Eye color Hair structure Freckles Flower color Earlobes

Complexity 2:
-2 generations
-1 unknown
-Multiple answers
-Deductive

No support Eye color Hair structure Flower color Widow’s peak P.R.A.

Low support Eye color Hair structure Cat fur shape Albinism Pea plant

High support Eye color Hair structure Tongue curling Apple tree Fruit flies

Complexity 1:
-2 generations
-1 unkown
-Single answer
-Deductive

No support Eye color Hair structure Cat fur shape Apple tree Depression

Low support Eye color Hair structure Sickle cell Chicken beak Guinea pigs

High support Eye color Hair structure Huntington Milk allergy Cleft lip
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4.2.2.2 Pretest 

The pretest was used to check students’ prior knowledge. It 

consisted of three problem-solving tasks without support from the 

first three complexity levels (of the task database in Figure 4.1).  

 
4.2.2.3 Self-assessment and task-selection training 

The self-assessment and task-selection training, which all 

participants received, consisted of an introductory video, in which 

the main concepts of the problem-solving tasks were explained (i.e., 

dominant/recessive, homozygous/heterozygous), and four video 

modeling examples. The video modeling examples were screen 

recordings created with Camtasia Studio (cf. Kostons et al., 2012; 

Raaijmakers et al., submitted). The video modeling examples showed 

a computer screen recording with voice over of the model (see 

Table 1) performing a problem-solving task (at the first or second 

level of complexity, see Table 4.1) by writing out the solution to each 

step that s/he was able to complete. The model then rated how 

much effort s/he invested in solving that problem, by circling the 

answer on a scale of 1 to 9 (Paas, 1992). The scale was presented 

horizontally, with labels at the uneven numbers: (1) very, very little 

mental effort, (3) little mental effort, (5) neither little nor much mental 

effort, (7) much mental effort, and (9) very, very much mental effort. 

The model then rated how many steps s/he thought s/he had 

performed correctly (i.e., self-assessment) on a scale ranging from (0) 

no steps correct to (5) all steps correct by circling the answer and 

selected an appropriate subsequent task from the task database 

(according to the selection algorithm shown in Figure 4.2), by circling 

that task. While solving the problem, rating effort, self-assessing, and 

selecting a next task, the model was thinking aloud. 
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Table 4.1. Different features of the video modeling examples. 

Video Modeling 

Example 

Gender Problem-solving 

Performance 

Complexity 

level 

1 Female 5 steps Level 1 

2 Male 5 steps Level 1 

3 Female 4 steps Level 2 

4 Male 3 steps Level 2 

 

4.2.2.4 Learning phase and self-assessment feedback  

The learning phase consisted of three problems without 

support, one from each of the first three complexity levels (of the 

task database in Figure 4.1). In the learning phase, participants 

engaged in the same activities as they had observed in the modeling 

examples: they first solved a problem, then rated how much effort 

they invested on the effort rating scale of 1-9, assessed their 

performance on a scale ranging from 0-5, and then selected an 

appropriate subsequent task from the database (Figure 4.1) using the 

algorithm they had seen the model use (note though that the 

information on the algorithm shown in Figure 4.2 was no longer 

available to participants). Participants did not actually receive the 

problem they selected; as the tasks in the learning (and test phase) 

were fixed (participants were made aware of this). 

On the learning phase problems, participants received self-

assessment feedback. In the general self-assessment feedback 

condition, a message appeared on the screen after a self-assessment 

was made, stating whether or not the self-assessment was correct 

and how many steps had actually been performed correctly (e.g., 

“Your self-assessment was incorrect. You performed 2 steps 

correctly.”). The specific self-assessment feedback condition 

additionally received a list of the five steps with information on which 

steps were performed correctly and which incorrectly in the form of 

either a green check mark or a red cross mark (see Figure 4.3). In the 

no feedback control condition, participants only saw a message 

stating that their answer had been registered. 
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Figure 4.2: Algorithm used for task-selection advice showing the jump size 

and direction for each of the combinations of self-assessed performance 

and mental effort. 

 

4.2.2.5 Test phase  

The three problems in the test phase were isomorphic to the 

learning phase problems (i.e., same structural features but different 

surface features). Again, participants engaged in problem solving, 

effort rating, self-assessment, and task selection (but they did not 

receive the selected task). Self-assessment feedback was no longer 

provided on these tasks. 

 

 

Figure 4.3: Feedback provided during the learning phase to participants in 

the specific self-assessment feedback condition in Experiment 1. The 

general self-assessment feedback condition was only provided with the top 

sentence. 
 

 

 

 

Performance

4-5 +2 +1 0

2-3 +1 0 -1

0-1 0 -1 -2

1-3 4-6 7-9
Effort
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4.2.3 Data analysis 

Performance on the problem-solving tasks from the pre-test, 

learning phase, and test phase, was scored by assigning one point for 

each correct step (i.e., range per problem: 0-5 points). Self-

assessment accuracy was calculated by taking the absolute 

difference between the self-assessed and actual performance score 

for each problem-solving task and then averaging it over the 

problems (i.e., range: 0-5; Schraw, 2009). To calculate task-selection 

accuracy, first the task-selection advice was derived with the 

algorithm (i.e., invested effort and actual performance on the task 

were combined into the task-selection advice), and then the absolute 

difference was taken between the task chosen and the advised task 

and averaged over the problems (i.e., range: 0-14; Kostons et al., 

2012).   

 

4.3. Results  
Table 4.2 shows an overview of the results. Data were 

analyzed with (repeated measures) ANOVAs, and the effect size 

reported is partial eta-squared (partial η2), for which .01 is considered 

a small, .06 a medium, and .14 a large effect size (Cohen, 1988). 

 

4.3.1 Preliminary checks 

Before conducting the analyses to test our hypotheses, we 

performed some checks. First, we checked whether prior knowledge 

did not differ between conditions (randomization check). An ANOVA 

on pretest performance showed no significant difference between 

conditions, F(2, 105) = 0.27, p = .766, partial η2 = .005.  
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Table 4.2. Mean performance during pretest, learning phase, and test phase 

(range: 0-5); mean mental effort during pretest, learning phase, and test 

phase (range: 1-9); mean self-assessment and the accuracy of those 

assessments during learning and test phase (range: 0-5); mean accuracy of 

task selection during learning and test phase (range: 0-14) 

Dependent variables Condition 

Control  

(n = 37) 

General Self-

assessment 

feedback                      

(n = 34) 

Specific self-

assessment 

feedback 

(n = 37) 

M SD M SD M SD 

Pretest        

   Performance 0.53 0.47 0.62 0.48 0.55 0.59 

   Self-assessment 1.21 1.35 1.20 1.41 1.52 1.30 

   Mental effort 5.81 2.61 6.04 2.46 6.45 2.06 

Learning phase       

   Performance 3.15 1.51 2.88 1.59 3.10 1.58 

   Mental effort 3.56 1.20 4.10 1.83 3.77 1.57 

   Self-assessment 3.79 0.98 3.30 1.23 3.72 1.26 

   SA accuracy a 1.40 1.16 1.68 0.74 1.31 0.99 

   TS accuracy a 1.28 1.19 2.17 1.72 1.85 1.65 

Test phase       

   Performance 3.71 1.46 3.32 1.23 3.47 1.66 

   Mental effort 3.08 1.37 3.77 1.80 3.72 1.91 

   Self-assessment 3.78 1.31 3.25 1.53 3.59 1.40 

   SA accuracy a 0.96 0.85 1.59 0.91 1.13 1.04 

   TS accuracy a 2.30 2.17 2.77 2.37 2.36 1.94 
a lower = better 
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Second, we checked whether problem-solving performance 

(both actual performance and self-assessed performance) increased 

over time and effort decreased over time, which is what one would 

expect to occur as a result of training and practice with the 

problems. Repeated measures ANOVAs with test moment (pre-test, 

learning phase, and test phase) as within-subjects factor and 

condition as between-subjects factor were conducted. On actual 

performance, this analysis showed a main effect of test moment on 

problem-solving performance, F(1.92, 201.62) = 271.79, p < .001, 

partial η2 = .7217. Repeated contrasts showed that performance 

increased significantly from the pretest to the learning phase (p < 

.001) and from the learning phase to the test phase (p < .001), 

showing that participants performance improved as a result of 

training as well as from engaging in problem solving. Given that all 

students received the same tasks, there was no main effect of 

condition, F(2, 105) = 0.34, p = .714, partial η2 = .006, and no 

interaction effect of test moment and condition, F(3.84, 201.62) = 

0.61, p = .653, partial η2 = .011. 

On self-assessed performance there was a main effect of test 

moment, F(1.42, 148.85) = 199.25, p < .001, partial η2 = .6558. 

Repeated contrasts showed that self-assessments increased 

significantly from the pretest to the learning phase (p < .001), but 

stayed at the same level from the learning phase to the test phase (p 

= .428) suggesting that participants felt their performance improved 

from training, but not from engaging in problem solving. There was 

no main effect of condition, F(2, 105) = 1.31, p = .273, partial η2 = 

.024, and no interaction effect of test moment and condition, F(2.84, 

148.85) = 1.04, p = .374, partial η2 = .019. 

On mental effort, there was a main effect of test moment, 

F(1.32, 138.71) = 103.40, p < .001, partial η2 = .4969. Repeated 

                                                           
7 Mauchly’s Test indicated that the assumption of sphericity was violated (p = .013). 
Because the Greenhouse-Geisser estimate of sphericity (ε) was greater than .75 (ε = 
0.926), a Huynh-Feldt correction was applied.  
8 Mauchly’s Test indicated that the assumption of sphericity was violated (p < .001). 
Because the Greenhouse-Geisser estimate of sphericity (ε) was less than .75 (ε = 
0.709), a Greenhouse-Geisser correction was applied. 
9 Mauchly’s Test indicated that the assumption of sphericity was violated (p < .001). 
Because the Greenhouse-Geisser estimate of sphericity (ε) was less than .75 (ε = 
0.661), a Greenhouse-Geisser correction was applied.  
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contrasts showed that mental effort decreased significantly from the 

pretest to the learning phase (p < .001) and from the learning phase 

to the test phase (p = .009). There was no main effect of condition, 

F(2, 105) = 1.29, p = .280, partial η2 = .024, and no interaction effect 

of test moment and condition, F(2.64, 138.71) = 0.74, p = .513, partial 

η2 = .014. 

 

4.3.2 Hypothesis 1: Task-selection accuracy during the learning 

phase 

We hypothesized that the self-assessment feedback provided 

to the experimental conditions would lead to more accurate task 

selections during the learning phase (where self-assessment 

feedback was provided). To test this hypothesis, an ANOVA with a 

planned contrast (general self-assessment condition and specific self-

assessment condition vs. control condition) on task-selection 

accuracy during the learning phase was conducted, which showed 

that the difference between the experimental conditions and the 

control condition during the learning phase was significant, t(105) = 

2.34, p = .021, d = 0.46. However, in contrast to our hypothesis, task 

selections were less accurate instead of more accurate in the 

experimental conditions compared to the control condition (see 

Table 2; higher deviation = less accurate). In order to explain these 

surprising findings, we additionally investigated which percentage of 

the self-assessment feedback had been negative (i.e., the self-

assessment feedback indicated that the self-assessment was 

inaccurate). Of all instances of feedback, 73% were negative during 

the learning phase and 63% during the test phase. Finally, we 

explored if the experimental conditions systematically chose easier 

tasks (after receiving self-assessment feedback) than the control 

condition, t(105) = 1.71, p = .090, indicating a slight tendency to 

choose easier tasks. 

 

4.3.3 Hypothesis 2: Self-assessment accuracy during the test phase  

We hypothesized that in the test phase (i.e., in the absence of 

feedback) participants who received self-assessment feedback during 

the learning phase would demonstrate more accurate self-

assessment than participants in the control condition (Hypothesis 

2a), and that the specific self-assessment feedback condition would 

demonstrate more accurate self-assessment than participants in the 
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general self-assessment feedback condition (Hypothesis 2b). An 

ANOVA on self-assessment accuracy during the test phase showed a 

main effect of condition, F(2, 105) = 4.29, p = .016, partial η2 = .076. 

Tukey’s post-hoc tests showed that, in contrast to our hypotheses, 

the general self-assessment feedback condition was significantly less 

accurate than the no feedback control condition (p = .015). The 

specific self-assessment feedback condition fell in between, the 

means show that it was somewhat more accurate than the general 

feedback condition, but not significantly so (p = .712), and somewhat 

less accurate than the no feedback control condition, but not 

significantly so (p = .100). 

 

4.3.4 Hypothesis 3: Task-selection accuracy during the test phase 

Finally, we hypothesized that the expected increase in self-

assessment accuracy in the feedback conditions in the test phase 

(Hypothesis 2) would also positively affect task-selection accuracy 

during the test phase in those conditions. Because we did not see 

the expected improvement in self-assessment accuracy, it was 

unlikely that task-selection accuracy would be affected, and indeed, 

the ANOVA on task-selection accuracy in the test phase showed no 

significant differences between conditions, F(2, 105) = 0.50, p = 

.606, partial η2 = .009. 

 

4.4. Discussion 

The findings from Experiment 1 showed that participants 

who received self-assessment feedback did not make more accurate 

task selections than participants in the control condition during the 

learning phase (Hypothesis 1); they actually made less accurate task 

selections. Participants in the feedback conditions did not self-assess 

their performance more accurately than participants in the control 

condition during the test phase (Hypothesis 2a) and participants who 

received specific self-assessment feedback did not self-assess their 

performance more accurately than participants who received general 

self-assessment feedback during the test phase (Hypothesis 2b). 

Receiving general self-assessment feedback even seemed to result in 

less accurate self-assessments than receiving no feedback. However, 

these differences were not reflected in the accuracy of task selection 

during the test phase (Hypothesis 3). 
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The finding that self-assessment feedback led to lower task-

selection accuracy during the learning phase, even though 

participants could directly rely on the feedback (which stated how 

many steps they performed correctly) to make their task-selection, 

suggests that receiving feedback may have biased task selection in a 

systematic way. Because of the negative self-assessment feedback 

participants might have reacted to the feedback by selecting easier 

task, as happens after negative performance feedback (Ilgen & Davis, 

2000). The data show a slight tendency for the experimental 

conditions to choose easier tasks during the learning phase. 

One possible explanation for the lack of beneficial effects of 

self-assessment feedback is that students might not have been able 

to adjust their internal standards adequately because they were not 

provided with information on the correct answers, which would 

make it difficult for them to assess performance on subsequent (test 

phase) tasks. That is, they would know either that they overestimated 

or underestimated their overall performance or which steps they 

performed correctly/incorrectly (specific feedback), but they would 

not know what they did wrong exactly. Therefore, Experiment 2 

investigated whether adding correct answer feedback to the general 

self-assessment feedback and having students contrast their own 

answers with the correct answers would improve self-assessment 

accuracy in the absence of feedback. 

 

4.5. Experiment 2 
 

4.5.1 Method 

4.5.1.1 Participants and design 

A total of 136 Dutch students in their second year of 

secondary education (second highest and highest level of secondary 

education) participated in this study. Five of those participants 

possessed too much prior knowledge (i.e., scoring 60% or higher on 

the pretest) and had to be excluded. Another 15 participants were 

excluded because they did not manage to finish the experiment 

within the class period. Six participants had to be removed due to 

missing data on outcome variables10. The remaining sample of 110 

                                                           
10 Exclusion was equal across conditions, χ2(2) = 0.141, p = .932. Excluded participants 
did not perform worse than non-excluded participants during the learning phase, 
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participants had a mean age of 13.72 (SD = 0.54), and contained 54 

boys and 56 girls. Participants were randomly assigned to one of the 

three conditions: (1) no feedback (n = 36), (2) self-assessment 

feedback + correct answers (n = 38), or (3) self-assessment feedback 

+ contrasting own and correct answers (n = 36).  

 

4.5.1.2 Materials, procedure and data analysis  

The materials, procedure and data analysis were identical to 

Experiment 1 except for the feedback intervention during the learning 

phase. In the self-assessment feedback + correct answers condition, 

a message appeared on the screen after a self-assessment was 

made, stating whether or not the self-assessment was correct and 

how many steps had actually been performed correctly (cf. the 

general self-assessment feedback in Experiment 1, e.g., “Your self-

assessment was incorrect. You performed 2 steps correctly.”), and 

what the correct answers were (see Figure 4.4). The self-assessment 

feedback + contrasting condition additionally saw their own answers 

next to the correct answers and were instructed to compare and 

contrast their answers with the correct answers. In the no feedback 

condition, participants only saw a message stating that their answer 

had been registered (cf. Experiment 1). 

 

 

 

 

                                                                                                                             
t(128) = 1.727, p = .087, but did assess their performance more accurately, t(128) = 
2.00, p = .048. 
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Figure 4.4: Feedback provided during the learning phase to participants in 

the self-assessment feedback + contrast condition in Experiment 2. The self-

assessment feedback + answers condition was only provided with the top 

sentence and the correct answers (the right part). 

 

4.7. Results 
Table 4.3 shows an overview of the results.  
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Table 4.3. Mean performance during pretest, learning phase, and test phase 

(range: 0-5); mean mental effort during pretest, learning phase and test 

phase (range: 1-9); mean self-assessments and the accuracy of those 

assessments during learning and test phase (range: 0-5); mean accuracy of 

task selection during learning and test phase (range: 0-14). 

Dependent variables Condition 

Control  

(n = 36) 

Self-assessment 

feedback + 

standard  

(n = 38) 

Self-

assessment 

feedback + 

contrast  

(n = 36) 

M SD M SD M SD 

Pretest        

  Performance 0.89 0.80 0.98 0.89 0.81 0.65 

   Self-assessment 1.01 1.21 1.08 1.04 1.04 1.34 

   Mental effort 6.72 2.13 5.92 2.24 5.19 2.45 

Learning phase       

   Performance 3.31 1.06 3.46 1.23 3.50 1.08 

   Self-assessment 4.07 0.88 4.05 0.93 3.90 0.86 

   Mental effort 3.69 1.63 3.50 1.57 3.38 1.44 

   SA accuracy* 1.19 0.78 1.21 0.85 1.18 0.78 

   TS accuracy* 1.43 1.29 1.20 1.70 1.23 1.12 

Test phase       

   Performance 3.94 0.89 3.93 1.09 4.01 0.91 

   Self-assessment 4.20 1.01 3.91 1.29 3.99 1.22 

   Mental effort 3.16 1.69 3.17 1.88 3.30 1.69 

   SA accuracy* 0.87 0.60 0.75 0.64 0.88 0.79 

   TS accuracy* 1.64 1.66 1.42 1.54 1.63 1.74 

* lower = better 

 

4.7.1 Preliminary checks 

Before conducting the analyses that test our hypotheses, we 

checked whether the data met the following demands: prior 

knowledge should not differ between conditions (check on success 

of randomization procedure), problem-solving performance (both 

absolute and self-assessed) should increase over time and effort 

should decrease over time (check that learning occurred). An ANOVA 
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on pretest performance showed no significant difference between 

conditions, F(2, 107) = 0.42, p = .658, partial η2 = .008. 

A repeated measures ANOVA with test moment (pretest, 

learning phase, and test phase) as within-subjects factor and 

condition as between-subjects factor, showed a main effect of test 

moment on problem-solving performance, F(2, 214) = 510.64, p < 

.001, partial η2 = .827. Repeated contrasts showed that performance 

increased significantly from the pretest to the learning phase (p < 

.001) and from the learning phase to the test phase (p < .001). 

Although students in the experimental condition had the opportunity 

to study the correct answers, there was no main effect of condition, 

F(2, 107) = 0.22, p = .801, partial η2 = .004, and no interaction effect 

of test moment and condition, F(4, 214) = 0.76, p = .554, partial η2 = 

.014. 

A similar repeated measures ANOVA on self-assessments of 

performance showed a main effect of test moment, F(1.44, 153.79) = 

449.75, p < .001, partial η2 = .80811. Repeated contrasts showed that 

self-assessed performance increased significantly from the pretest to 

the learning phase (p < .001), but stayed at the same level from the 

learning phase to the test phase (p = .798). There was no main effect 

of condition, F(2, 107) = 0.33, p = .722, partial η2 = .006, and no 

interaction effect of test moment and condition, F(2.88, 153.79) = 

0.64, p = .585, partial η2 = .012. 

A third repeated measures ANOVA on mental effort showed 

a main effect of test moment, F(1.30, 138.65) = 95.99, p < .001, 

partial η2 = .47312. Repeated contrasts showed that mental effort 

decreased significantly from the pretest to the learning phase (p < 

.001) and from the learning phase to the test phase (p = .043). Similar 

to Experiment 1, there was no main effect of condition, F(2, 107) = 

1.14, p = .323, partial η2 = .021. However, there was an interaction 

effect of test moment and condition, F(2.59, 138.65) = 3.60, p = 

.020, partial η2 = .063, indicating that the decrease of mental effort 

                                                           
11 Mauchly’s Test indicated that the assumption of sphericity was violated (p < .001). 
Because the Greenhouse-Geisser estimate of sphericity (ε) was less than .75 (ε = 
0.719), a Greenhouse-Geisser correction was applied.  
12 Mauchly’s Test indicated that the assumption of sphericity was violated (p < .001). 
Because the Greenhouse-Geisser estimate of sphericity (ε) was less than .75 (ε = 
0.648), a Greenhouse-Geisser correction was applied.  
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over time differed between the conditions with the self-assessment 

feedback + contrast condition showing an increase in mental effort 

from the learning phase to the test phase, while the mental effort in 

other conditions decreased from learning phase to test phase. 

 

4.7.2 Hypothesis 4: Task-selection accuracy during the learning 

phase  

We hypothesized that the self-assessment feedback provided 

to the experimental conditions would lead to more accurate task-

selection decisions during the learning phase (where self-assessment 

feedback was provided). To test this hypothesis, an ANOVA with a 

planned contrast (self-assessment feedback + correct answers 

condition and self-assessment feedback + contrast condition vs. 

control condition) on task-selection accuracy during the learning 

phase was conducted, which showed that the difference between 

the experimental conditions and the control condition during the 

learning phase was not significant, t(107) = 0.29, p = .773, d = 0.06. 

Similar to Experiment 1, we investigated the percentage of negative 

self-assessment feedback. During the learning phase 75% of the 

feedback messages were negative and during the test phase 55% of 

the messages. Finally, we explored if the experimental conditions 

systematically chose easier tasks (after receiving self-assessment 

feedback) than the control condition. This was not the case, t(107) = 

-0.14, p = .890. 

 

4.7.3 Hypothesis 5: Self-assessment accuracy during the test phase 

We hypothesized that in the test phase (i.e., in absence of 

feedback) participants who received self-assessment feedback during 

the learning phase would demonstrate more accurate self-

assessment than participants in the control condition (Hypothesis 

5a), and that the self-assessment feedback + contrast condition 

would demonstrate more accurate self-assessment than participants 

in the self-assessment + correct answers condition (Hypothesis 5b). 

An ANOVA on self-assessment accuracy during the test phase 

showed no significant differences between conditions, F(2, 107) = 

1.18, p = .310, partial η2 = .022. 
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4.7.4 Hypothesis 6: Task-selection accuracy during the test phase 

Finally, if the participants in the self-assessment feedback 

conditions indeed improved on self-assessment accuracy during the 

test phase, then this could be expected to result in more accurate 

task-selection decisions during the test phase (Hypothesis 5). 

Because we did not see the expected improvement in self-

assessment accuracy during the test phase though, it was unlikely 

that task-selection accuracy would be affected, and, indeed, the 

ANOVA on task-selection accuracy in the test phase showed no 

significant differences between conditions, F(2, 107) = 0.54, p = .586,  

partial η2 = .010. 

 

4.8. Discussion 

Participants who received self-assessment feedback did not 

make more accurate task selections than participants in the control 

condition during the learning phase (Hypothesis 4). Participants in the 

self-assessment feedback + contrast condition did not make more 

accurate self-assessments during the test phase than participants in 

the self-assessment feedback + correct answers condition, who did 

not make more accurate self-assessments during the test phase than 

participants in the control condition (Hypothesis 5a and 5b). Not 

surprisingly, therefore, participants who received self-assessment 

feedback did not show more accurate task selections in the test 

phase (Hypothesis 6). 

Contrary to our findings, previous studies using correct 

answers to improve self-assessment accuracy did find beneficial 

effects on self-assessment accuracy (Baars, et al., 2014; Dunlosky et 

al., 2010; Lipko et al., 2009; Rawson & Dunlosky, 2007). However, 

the methods used in those studies differ critically from the methods 

used in the present study. While in the previous studies the correct 

answers were provided during self-assessment (or monitoring) of 

performance (i.e., students could base their self-assessment on the 

comparison of their answer to the correct answer), in the present 

study the correct answer feedback was provided after self-

assessment. We expected that this would allow participants to refine 

their internal standards based on the feedback, as a consequence of 

which subsequent self-assessments without feedback should have 

been more accurate. However, we did not find any indications that 

self-assessment accuracy improved from self-assessment feedback. 
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4.9. General Discussion 
The main objective of the current study was to investigate 

whether – after an initial self-regulated learning training – the 

accuracy of self-assessments would improve from feedback focused 

on self-assessment accuracy (i.e., self-assessment feedback). Based 

on the COPES model of Winne and Hadwin (1998, 2008) we 

predicted that the self-assessment feedback received during the 

learning phase, would allow learners to refine their internal standards, 

leading to higher self-assessment accuracy during the test phase, in 

the absence of this feedback. In Experiment 1 we investigated the 

potential benefit of more specific self-assessment feedback (i.e., 

feedback information on the level of distinct problem-solving steps) 

instead of more general self-assessment feedback (i.e., feedback 

information on the level of the task). In Experiment 2 we investigated 

the effects of adding correct answers to the self-assessment 

feedback and having learners contrast those with their own answers 

(with an extra condition to check if learning from the correct answers 

could lead to improved self-assessment accuracy). In both 

experiments, self-assessment feedback failed to improve self-

assessment accuracy. 

Several explanations are possible. First, when receiving 

feedback participants might have started to expect similar feedback 

on subsequent tasks and might, consequently, have payed less 

attention to their subsequent performance (i.e., monitoring during 

problem solving) and self-assessments (Salmoni, Schmidt, & Walter, 

1984). Thus, counterintuitively, the self-assessment feedback might 

have led to paying less, instead of more, attention to self-assessment 

(Shute, 2008).  

Second, the self-assessment feedback could also have 

caused learners to simply correct their self-assessments downwards 

without considering their actual performance (cf. Roelle, Schmidt, 

Buchau, & Berthold, 2016). That is, the self-assessment feedback that 

the learners received indicated that their self-assessment was 

incorrect most of the time, and thus had mostly a negative 

connotation. Consequently, learners might have adjusted their self-

assessments downwards, and we have found some evidence that 

this was the case. Self-assessments were lower in the general self-

assessment feedback condition compared to the other conditions in 

Experiment 1 (although not significantly; see Table 4.2). If learners 
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simply gave themselves lower self-assessment ratings without 

considering their actual performance, they would not take into 

account the fact that their performance would improve from the 

learning phase to the test phase due to practice, and thus, their self-

assessments would remain inaccurate. Indeed, the analysis of self-

assessed performance across the different phases suggests that 

learners were aware that their performance improved as a 

consequence of training (i.e., from pretest to learning phase), but not 

from engaging in problem solving (i.e., from the learning to the test 

phase) even though their actual performance continued to improve. 

These explanations are not mutually exclusive and, interestingly, both 

involve a mechanism in which the learner directs less rather than 

more attention to monitoring. 

The hypotheses regarding task-selection accuracy could not 

be confirmed. In fact, task-selection accuracy during the learning 

phase in Experiment 1 was actually lower in the experimental 

conditions. An explanation for those findings might be similar to the 

explanation for the lower self-assessment accuracy in Experiment 1. 

Participants may have interpreted the self-assessment feedback 

negatively and might have chosen easier tasks (which learners are 

likely to do after negative feedback, see Ilgen & Davis, 2000); indeed, 

our data show that learners in the experimental conditions chose 

slightly easier tasks during the learning phase (see Table 4.2), but this 

was not the case in Experiment 2 (see Table 4.3). This effect might be 

mediated by attributions (i.e., how students explain their successes or 

failures; cf. Weiner, 1986). For instance, when students attribute the 

(negative) self-assessment feedback to ability, they might reflexively 

adjust their self-assessments downwards (“I must not be very good at 

solving these problems”) and, consequently, would be more inclined 

to select easy tasks after feedback. The reason this did not occur in 

Experiment 2, might be because the knowledge of the correct 

answers could lead to an expectation that they would be able to 

solve similar problems in the future (cf. hindsight bias; Kornell, 2015). 

However, this is highly speculative, as we did not assess students’ 

considerations for self-assessments. 

That we do not know precisely on which cues (see Koriat, 

1997; De Bruin & Van Merriënboer, 2017) students’ self-assessments 

were based is a limitation of the present study. In order to find out 

what those cues are, a more fine-grained analysis of the basis of self-
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assessments is needed (Azevedo, 2009; De Bruin & Van Gog, 2012). 

As mentioned above, attributions might eventually trigger self-

protective strategies (i.e., choosing easier tasks) if self-assessment 

feedback is attributed to ability. In such cases self-enhancement is 

more important than accurate self-assessment (Strube & Roemmele, 

1985). When we better know the basis of self-assessments, we might 

be more able to redirect students’ attention from the invalid cues 

they used (i.e., cues that are not predictive of their actual 

performance) towards more valid (i.e., predictive) cues, which might 

better enable students to adjust their internal standards (i.e., what 

constitutes good performance; Winne & Hadwin, 1998), resulting in 

more accurate self-assessments in the absence of feedback. This 

would, ultimately, allow learners to more accurately control their 

learning process and improve their learning outcomes. 
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Abstract 
 

We investigated whether the valence of performance feedback 

provided after a task, would affect participants’ perceptions of how 

much mental effort they invested in that same task. In three 

experiments, we presented participants with problem-solving tasks 

and manipulated the presence and valence of feedback between 

conditions (no, positive, or negative feedback valence), prior to 

asking them to rate how much mental effort they invested in solving 

that problem. Across the three experiments–with different problem-

solving tasks and participant populations–we found that subjective 

ratings of effort investment were significantly higher after negative 

than after positive feedback; ratings given without feedback fell in 

between. These findings show that feedback valence alters perceived 

effort investment (possibly via task perceptions or affect), which can 

be problematic when effort is measured as an indicator of cognitive 

load. Therefore, it seems advisable to measure mental effort directly 

after each task, before giving feedback on performance. 
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5.1. Introduction 
Providing learners with feedback has proven effective for 

enhancing performance (Hattie & Timperley, 2007), both in 

classrooms (e.g., Bangert-Drowns, Kulik, Kulik, & Morgan, 1991), and 

in computer-based learning environments (e.g., Van der Kleij, 

Feskens, & Eggen, 2015). This feedback will have a certain valence for 

learners: when the feedback tells them their performance was 

incorrect, or lower than they expected, it has negative valence; when 

it tells them their performance was correct, or higher than they 

expected, the feedback has positive valence. The question addressed 

in the present study, is whether the valence of performance 

feedback on a task, has consequences for participants’ perceptions 

of how much mental effort they invested in that task.  

This question is of both theoretical and practical relevance, 

because subjective ratings of how much mental effort students’ 

perceived to have invested in a task, are widely used in educational 

research and in (adaptive or self-regulated) computer-based learning 

environments as an indicator of the cognitive load that learners 

experienced (Paas, 1992; Paas, Van Merriënboer, & Adam, 1994; for 

reviews, see Paas, Tuovinen, Tabbers, & Van Gerven, 2003; Van Gog 

& Paas, 2008). Theoretically, we still know very little about the “cues” 

that learners use when they are asked to rate how much effort they 

invested in a task. That is, learners’ perceptions of effort investment 

presumably rely on multiple aspects of their experiences during task 

performance (i.e., cues, such as how difficult, fluent, or speedy the 

performance process was). Investigating whether there are external 

influences (such as feedback valence) on effort perceptions would 

be a first step towards attaining insight into which cues are probably 

being used. Practically, it is imperative that effort measures reliably 

reflect experienced cognitive load, which is no longer the case when 

learners’ effort perceptions would be affected post-hoc by external 

influences (such as feedback valence). Thus, investigating whether 

such external influences occur can help inform researchers and 

practitioners on when to best measure learners’ perceptions of 

invested mental effort.  
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5.1.1 Use of Mental Effort Ratings in Educational Research and 

Learning Environments 

According to Cognitive Load Theory (Sweller, Ayres, & 

Kalyuga, 2011), cognitive load originates from an interaction of task 

characteristics (e.g., the more complex the task, the higher the load it 

imposes) and learner characteristics (e.g., the higher a learner’s 

knowledge, the lower the load imposed by the task). Cognitive load 

can be assessed in terms of processing demands, using objective 

measures such as dual-tasks (Brünken, Plass, & Leutner, 2003), or 

physiological measures (Paas et al., 2003), or in terms of experienced 

cognitive load, by asking learners to rate how much effort they 

invested in a task. Mental effort is defined as “the aspect of cognitive 

load that refers to the cognitive capacity that is actually allocated to 

accommodate the demands imposed by the task; thus, it can be 

considered to reflect the actual cognitive load” (Paas et al., 2003, p. 

64). Both types of measures have their strengths and weaknesses. 

Objective measures, are less easy to administer than subjective 

ratings, but have the benefit of providing moment-to-moment 

information regarding (fluctuations in) processing demands during 

task performance. Subjective measures, in contrast, are easy to 

administer and also seem sensitive to variations in cognitive load 

(which, as mentioned above, originates from an interaction between 

task and learner characteristics): subjective perceptions of effort 

investment have been shown to increase (or decrease) with 

increases (decreases) in task complexity (e.g., Paas, Van Merriënboer, 

& Adam, 1994; Schmeck, Opfermann, Van Gog, Paas, & Leutner, 

2015), to be lower for learners with higher prior knowledge 

compared to learners with lower prior knowledge working on the 

same task (e.g., Nievelstein, Van Gog, Van Dijck, & Boshuizen, 2013), 

and to decrease from pretest to posttest as a consequence of 

knowledge acquired during a study phase (e.g., Hoogerheide, 

Loyens, & Van Gog, 2014). Which method is most appropriate 

depends on the research question being addressed.  

Our present study is concerned with subjective perceptions 

of invested mental effort. Since it was first published, the 9-point 

mental effort rating scale13 developed by Paas (1992) has become 

                                                           
13 “How much mental effort did you invest in solving this problem?” with answer 
options ranging from (1) very, very low effort, to (9) very, very high effort. Depending 
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widely used in research on learning and instruction, as an indicator of 

learners’ experienced cognitive load (for a review, see Van Gog & 

Paas, 2008). In combination with performance measures, subjective 

perceptions of how much mental effort was invested in a task are 

useful for obtaining information about the efficiency of instruction 

(Hoffman & Schraw, 2010; Paas & Van Merriënboer, 1993; Van Gog & 

Paas, 2008), and for guiding the selection of learning tasks in 

adaptive (e.g., Salden, Paas, Broers, & Van Merriënboer, 2004) or self-

regulated (e.g., Kostons, Van Gog, & Paas, 2012) learning 

environments. For instance, Kostons et al. (2012) trained students 

how to select a next task based on a combination of their (self-

assessed) performance and perceptions of invested mental effort. 

After a self-regulated learning phase, participants who had been 

trained in task selection showed higher knowledge gains than 

students who had not received training. This study exemplifies the 

usefulness of effort measures not only for educational research but 

also for educational practice (i.e., in improving self-regulated 

learning). 

In order to effectively use effort measures in educational 

research or educational practice, however, it is imperative that 

learners’ perceptions of invested mental effort reliably reflect 

experienced cognitive load. It is therefore important to investigate 

whether there are external factors (other than learners’ own 

experiences with the task) that might affect learners’ perceptions of 

how much effort they invested in a task, but such research is still 

scarce. Some recent studies have been conducted on when to best 

administer the effort rating scale, in which it was found that a single, 

overall rating of effort invested in a series of tasks, was systematically 

higher than the average of task-specific ratings given immediately 

after each task (Schmeck et al., 2015; Van Gog, Kirschner, Kester, & 

Paas, 2012). 

These findings suggest that it is preferable to measure 

perceptions of invested effort directly after each task; however, it is 

still unclear what causes this discrepancy between overall and task-

specific ratings. Which brings us to the theoretical relevance of 

investigating whether and how external factors affect learners’ 

                                                                                                                             
on the task, the question could also be phrased as “…in studying this text / animation / 
worked example”. 
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perceptions of how much effort they invested in a task: as 

mentioned earlier, we still know very little about what cues learners 

use when they are asked to rate how much effort they invested in a 

task. In analogy to metacognitive judgments, it is likely that learners 

use certain cues resulting from their experience with the task as a 

basis for their effort ratings. Knowing whether and which external 

influences affect learners’ effort perceptions would constitute a first 

step towards attaining insight into what cues they are probably using. 

We start out here, by investigating whether and how the valence of 

performance feedback affects perceptions of invested effort. 

 
5.1.2 Cue Utilization, Feedback, and Mental Effort Ratings 

Research on metacognitive monitoring judgments (e.g., 

judgments of learning; JOLs), has come a long way in past decades 

in uncovering which sources of information (i.e., cues), learners use 

when predicting their future memory performance (Koriat, 1997, 

2015). In the cue utilization view of JOLs, Koriat distinguishes three 

types of cues: intrinsic, extrinsic, and mnemonic cues (Koriat, 1997).  

Intrinsic cues concern inherent attributes of the study material 

associated with the ease or difficulty of learning. For instance, 

learners may judge how well they will remember a certain word-pair 

based on the relatedness between the words, as higher relatedness is 

generally associated with better memory (e.g., Begg, Duft, Lalonde, 

Melnick, & Sanvito, 1989). Extrinsic cues are related to how the 

material is presented (e.g., the number of repetitions of an item, 

available study time) or what strategy the learner applies when 

studying (e.g., level of processing, imagery). Intrinsic and extrinsic 

cues can affect JOLs directly, but also indirectly, by affecting the 

third type of cue, mnemonic cues (Koriat, 1997). Mnemonic cues can 

be described as internal signals from subjective experience that 

might indicate that information has been learned and will be 

remembered on a future occasion, such as fluency during encoding 

or retrieval (Koriat & Ma'ayan, 2005). As a learner engages with a task, 

the judgment shifts from being information-based (i.e., relying on 

intrinsic and extrinsic cues) to more experience-based (i.e., relying on 

mnemonic cues; Koriat & Ma’ayan, 2005).  

Indicating how much effort you invested in a task that you 

just completed, is, of course, very different from predicting your 

future memory test performance by means of a JOL (indeed, effort 
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invested in learning can in itself serve as a cue for a JOL: Koriat, 

Ackerman, Lockl, & Schneider, 2009; Koriat, Nussinson, & Ackerman, 

2014; see also Baars, Vink, Van Gog, De Bruin, & Paas, 2014, who 

found a negative correlation between learners’ perceptions of 

invested effort and their JOLs). Nevertheless, rating how much 

mental effort you invested in a task also constitutes a subjective, 

introspective judgment, that learners likely make using experience-

based cues (such as their perceptions of how difficult, fluent, or 

speedy the task performance process was). And some of these cues, 

such as perceived task difficulty, might be affected by external 

factors, such as performance feedback.  

Indeed, there is substantial evidence that performance 

feedback can affect effort investment on a subsequent task, which 

seems to be driven by a reappraisal of task demands (Kahneman, 

1973), or task difficulty (Brehm & Self, 1989; Meshkati, 1988), and 

serves the goal of reducing the discrepancy between a standard and 

current performance (Carver & Scheier, 1982; Kluger & DeNisi, 1996; 

Locke & Latham, 1990). Although the various models of the 

relationship between performance, feedback, and effort, all use 

different terms, they share the common notion that mobilization of 

mental effort is controlled by information about the task. When a 

learner receives negative feedback (i.e., performance is not up to 

par), this signals that task demands or task difficulty are high, and that 

mobilization of more effort on the next task is required in order to 

improve performance (i.e., bring it closer to the standard). The role of 

positive feedback is less pronounced in these models. However, 

Carver and Scheier (2000) state that positive feedback might lead 

people to reduce effort investment; being able to achieve a goal with 

less effort, frees up resources for other goals (see also Efklides, 

2006). There is also evidence that when faced with competing tasks, 

people use the feedback that they already performed well on a 

certain task to allocate effort to other tasks (Larson & Callahan, 1990). 

The question we are interested in, however, is not whether 

feedback valence affects effort investment on subsequent tasks, but 

whether it affects perceptions of how much effort was invested in 

the task that was just completed, on which the feedback was 

received. Research on affective influences on metacognitive 

judgments suggests that this might very well be the case. In her 

Metacognitive and Affective Model of Self-Regulated Learning, 
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Efklides (2006, 2008, 2014) states that affective factors can influence 

metacognitive judgments and trigger control responses (i.e., 

regulation of current or subsequent study activities). In this model, 

estimates of effort that will be required (prospective) and how much 

effort was invested (retrospective) are considered as part of 

‘metacognitive experiences’. According to this model, the positive or 

negative valence of feedback, may lead to a reappraisal of task 

demands or task difficulty (at least partly) via affective states (Efklides, 

2006). That is, positive valence (success) can be associated with 

positive emotions such as joy and pride (activating) or relief and 

contentment (deactivating), whereas negative valence (failure) can be 

associated, with frustration or anger (activating) or sadness and 

disappointment (deactivating), for instance (Pekrun, 2006; Pekrun, 

Frenzel, Goetz, & Perry, 2007).  

There is some interesting evidence suggesting that positive 

and negative emotions affect task appraisal: sad stimuli (even 

masked) can increase experienced task difficulty and effort 

investment (as assessed by cardiovascular reactivity) compared to 

happy stimuli (Gendolla & Silvestrini, 2011). Positive emotions induced 

by the design of multimedia learning materials, have been found to 

reduce task difficulty ratings (though not effort ratings) compared to 

neutral material design (Plass, Heidig, Hayward, Homer, & Um, 2014, 

Experiment 1). Findings by Knörzer, Brünken, and Park (2016) showed 

that learning outcomes were reduced by positive emotions and 

increased by negative emotions. This seems in line with the other 

studies, as increased effort in response to negative emotions would 

lead to better learning outcomes and decreased effort in response to 

positive emotions would lead to lower learning outcomes. The 

objective load measure used seemed in line with the latter; however, 

the subjective effort ratings were not affected and subjective 

difficulty ratings were higher in the positive emotion condition, which 

contrasts with the Plass et al. study. Note though, that both types of 

subjective ratings were only administered once (after slide 4 out of 

11); possibly the outcomes would have been different had the ratings 

scales been administered repeatedly after each slide (cf. Schmeck et 

al., 2015; Van Gog et al., 2012). Last but not least, Efklides and Dina 

(2004) investigated the effects of feedback on perceived difficulty 

and mental effort. Positive feedback reduced retrospectively reported 

feelings of difficulty and invested effort compared to prospective 
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estimates of difficulty and effort (prior to the task), whereas negative 

feedback increased feelings of difficulty (though not effort).  

In sum, even though any information provided after task 

performance cannot change the cognitive load that was actually 

experienced during task performance (as it has already been 

completed), and as such, should not affect perceptions of invested 

mental effort, the literature reviewed here suggests that it is very 

likely that feedback valence could affect perceptions of invested 

mental effort (possibly via affect), with negative feedback resulting in 

higher, and positive feedback in lower effort ratings compared to no 

feedback. The present study was designed to address this hypothesis. 

 

5.1.3 The Present Study – Main Hypotheses  

The present study comprises three experiments. In 

Experiment 1 and 2, we used five complex problem-solving tasks (so-

called ‘weekday problems’; cf. Van Gog et al., 2012, Experiment 3), 

that were so complex that it would be very hard for learners to 

estimate whether their answer was correct or not. This was 

important for the credibility of the feedback valence manipulation, 

which informed participants that their answer was correct (positive 

valence) or incorrect (negative valence), regardless of their actual 

performance. In Experiment 3, we used more educationally relevant 

problem-solving tasks (in biology; cf. Corbalan, Kester, & Van 

Merriënboer, 2009; Kostons et al., 2012). Because these were 

multistep problems (forced response on each step), we used a 

different feedback valence manipulation: participants were asked to 

assess their own performance, by indicating how many steps they 

thought they had performed correctly on a scale of 0-5. The positive 

valence condition then received feedback that their score was two 

points higher (i.e., two more steps correct) than they thought (bound 

by the maximum score of 5) and the negative valence condition 

received feedback that their score was two points lower (i.e., two 

steps less correct) than they thought. 

In all experiments, participants were assigned to one of three 

conditions: no feedback, positive feedback valence, or negative 

feedback valence. After receiving feedback (depending on their 

assigned condition), they rated how much mental effort they 

invested in the task. The main hypothesis (Hypothesis 1), addressed in 

all three experiments, was that negative feedback would lead to 

5 

14731 - Raaijmakers_BNW.indd   109 05-01-18   07:58



110 

higher and positive feedback would lead to lower ratings of mental 

effort invested in the problems, compared to the control condition 

that did not receive any feedback. Moreover, after the last of the five 

tasks participants were also asked to rate how much effort they 

invested in completing all tasks (overall effort rating). We 

hypothesized that we would replicate prior findings (Schmeck et al., 

2015; Van Gog et al., 2012) that the overall effort rating would be 

higher than the average of task-specific ratings (Hypothesis 2), but 

were mainly interested in investigating whether the overall rating 

would be affected by the feedback in the same manner as the 

average of task-specific ratings (Question 1 in Experiment 1, 

Hypothesis 3 in Experiments 2 and 3).  
 

5.2. Experiment 1 
 

5.2.1 Method 

5.2.1.1 Participants and Design 

Participants (N = 186) from the United States were recruited 

via Amazon’s Mechanical Turk (http://www.mturk.com). They 

received $0.50 for their participation (the experiment took 8 minutes 

to complete on average). Only participants with a good reputation 

(i.e., a Mechanical Turk approval rate of above 95%) were recruited. 

Four participants had to be removed due to repeated participation 

after a check for duplicate IP addresses. Another 32 did not finish the 

session and were also removed. The remaining 150 participants had 

a mean age of 34.63 years (SD = 12.47; range: 19-76), 41% had 

completed a bachelor’s degree or higher, and 53 of them were male. 

To check whether participants attended to the questions and did not 

randomly click on answers, they answered several attention check 

questions (e.g., “Click on all the words that represent animals.”; 

Hauser & Schwarz, 2016). All participants performed above chance.  

Participants were randomly assigned to one of three 

conditions, in which they performed 5 tasks with either: no feedback 

(n = 47), predominantly positive feedback (n = 53), leading them to 

believe their performance was correct (not dependent on actual 

performance) on all tasks except for the second (PNPPP), or 

predominantly negative feedback (n = 50), leading them to believe 

their performance was incorrect (not dependent on actual 

performance) on all tasks except for the second (NPNNN). Feedback 
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valence was reversed on the second task, so that the feedback 

manipulation would remain credible. None of the participants 

mentioned awareness of the feedback manipulation when we asked 

them afterwards what they felt the goal of the experiment was.  

 

5.2.1.2 Materials  

All materials were programmed and presented in Qualtrics 

Survey Software (http://www.qualtrics.com); participants received a 

link to the survey via Mechanical Turk.  

 

5.2.1.2.1 Problem-solving tasks  

The problem-solving tasks were five complex weekday 

problems (cf. Van Gog et al. (2012; Experiment 3). These ‘weekday’ 

problems were modeled after the problem used by Sweller (1993, p. 

6): ‘Suppose 5 days after the day before yesterday is Tuesday. What 

day of the week is yesterday?’. Participants were required to respond. 

Performance on the problem-solving tasks was rated as either 

correct (1 point) or incorrect (0 points). The order of tasks was the 

same for all participants.  
 

5.2.1.2.2 Feedback 

 Feedback consisted of a message appearing on the screen 

after the task was completed, stating either “Your answer was 

correct.” (positive feedback) or “Your answer was incorrect.” (negative 

feedback).  

 

5.2.1.2.3 Mental effort  

Participants were asked to indicate how much mental effort 

they invested in solving the problem, on a 9-point rating scale (task-

specific mental effort rating; Paas, 1992).  The scale was presented 

horizontally, with labels at the uneven numbers: (1) very, very little 

mental effort, (3) little mental effort, (5) neither little nor much mental 

effort, (7) much mental effort, and (9) very, very much mental effort. 

After having performed all tasks, participants were asked to indicate 

how much mental effort they invested in solving all of the problems 

(overall mental effort rating), using the same 9-point scale.   
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5.2.1.3 Procedure  

Participants were given 1 minute to solve each problem, and 

were asked to solve the problems mentally (i.e., not using their hands 

to count or paper and pencil to draw out the solution steps). The 

Qualtrics software was programmed to give a warning when the 

time allotted (1 min) for solving the problem was up. One example 

was shown at the beginning of the experiment to familiarize 

participants with the type of task they would be performing. 

Participants then solved five problems, with each problem being 

immediately followed by feedback (except for participants in the 

control condition), after which participants rated how much mental 

effort they invested (task-specific mental effort rating). After all five 

problems, participants were asked to rate the mental effort they had 

invested in solving all problems (overall mental effort rating). 

 

5.2.2 Results 

Table 5.1 shows the mental effort and performance data for all 

conditions. Analyses were performed with analyses of variance 

(ANOVAs) and post hoc Tukey tests; the effect size reported for 

ANOVAs is partial eta-squared (partial η2), for which 0.01 is 

considered to indicate a small, 0.06 a medium, and 0.14 a large 

effect and the effect size reported for Tukey tests is Cohen’s d, for 

which 0.2 is considered to indicate a small, 0.5 a medium, and 0.8 a 

large effect (Cohen, 1988). Performance data are reported here for 

completeness (we did not have any hypotheses regarding 

performance). Mean performance on the problem-solving tasks was 

calculated (i.e., all scores were added and divided by the number of 

tasks; range of mean score = 0-1). As the tasks were complex, mean 

performance for all participants was low (M = .31, SD = .23; Table 1 

shows the data per condition). To check for possible differences in 

performance between conditions an ANOVA was performed, which 

showed no significant differences, F(2, 147) = 0.19, p = .828, partial 

η2 = 0.003. 
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Table 5.1. Mean (SD) of Performance Scores (range 0-1) and Effort Ratings 
(range 1-9) per Condition in Experiment 1  
 Negative 

Feedback 

No Feedback Positive 

Feedback 

 n = 50 n = 47 n = 53 

Mean performance .31 (.22) .32 (.26) .29 (.22) 

Mean task-specific effort 6.56 (1.27) 5.96 (1.45) 5.64 (1.50) 

Mean overall effort 7.20 (1.25) 6.81 (1.48) 6.13 (1.77) 

 

5.2.2.1 Effects of feedback and timing of effort ratings  

To test the effects of feedback valence on effort ratings 

(Hypothesis 1 and Question 1), as well as the effect of timing of the 

effort rating (Hypothesis 2), a repeated measures analysis was 

conducted, with within-subjects factor timing of effort rating (task-

specific vs. overall) and between-subjects factor feedback condition 

(no feedback vs. positive feedback vs. negative feedback). As can be 

seen in Table 1 (last rows), the overall mental effort rating after the 

series of five tasks, was higher than the average of task-specific 

mental effort ratings in each condition, in line with Hypothesis 2. The 

repeated measures ANOVA confirmed that this difference was 

significant, F(1, 147) = 110.59, p < .001, partial η2 = 0.429. We also 

found a significant main effect of feedback condition, F(2, 147) = 

6.34, p = .002, partial η2 = 0.079, and no significant interaction effect 

of timing and feedback condition, F(2, 147) = 2.67, p = .072, partial η2 

= 0.035, meaning that the effect of feedback did not differ for task-

specific and overall ratings (Question 1)14. Tukey's post hoc tests on 

the main effect of condition, showed that participants in the positive 

feedback condition gave significantly lower effort ratings than 

participants in the negative feedback condition (p = .001, d = 0.70), 

however, neither the positive feedback condition (p = .188, d = 0.35) 

nor the negative feedback condition (p = .200, d = 0.35) showed 

                                                           
14 In response to a reviewer comment asking whether age affected these results, we 
also ran the analysis with age as a covariate. The pattern of results did not change: a 
significant main effect of timing, F(1, 146) = 12.47, p = .001, partial η2 = 0.079, and 
condition, F(2, 146) = 6.94, p = .001, partial η2 = 0.087, but no significant interaction 
between condition and timing, F(2, 146) = 2.65, p = .074, partial η2 = 0.035. There was 
no effect of age, F(1, 146) = 2.54, p = .113, partial η2 = 0.017, and no collinearity was 
observed between age and the condition the participant was in (r = .10, p = .207).    
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significant differences relative to the no feedback condition15. To 

check if mental effort ratings increased linearly across conditions, 

linear contrasts were performed for both the average of task-specific 

effort ratings and for the overall effort ratings at the end. Both 

average task-specific, F(1, 147) = 10.90, p = .001, partial η2= 0.069, as 

well as overall effort ratings, F(1, 147) = 12.71, p < .001, partial η2 = 

0.079, showed a significant linear trend, indicating, in line with 

Hypothesis 1 (and informing on Question 1), that mental effort 

decreased linearly across conditions from negative feedback to 

positive feedback. 

 

5.2.3 Discussion 

 Findings from Experiment 1 showed that participants’ 

perceptions of invested mental effort were indeed influenced by 

feedback valence. In line with our hypothesis (Hypothesis 1), 

perceptions of invested effort were significantly higher after feedback 

that led students to believe their answers were predominantly 

incorrect (negative valence) than after feedback that their answers 

were predominantly correct (positive valence). Effort perceptions in 

the control condition that did not receive any feedback fell in 

between (not significantly different from the feedback conditions), 

and there was a significant linear trend from negative feedback 

(highest effort) to no feedback, to positive feedback (lowest effort).  

We also replicated findings from prior studies (Schmeck et 

al., 2015; Van Gog et al., 2012) that the overall effort rating provided 

after all five problems, was significantly higher than the average of 

the task-specific effort ratings provided immediately after each 

problem (Hypothesis 2). Finally, it was an open question (Question 1) 

whether both types of effort ratings (overall and task-specific) would 

be influenced by feedback valence in the same manner, and our 

findings suggest that this was the case. 

                                                           
15 Note that this analysis involved both the task-specific and overall ratings. If we only 
look at average task-specific effort ratings for the last three problems (i.e., less affected 
by the feedback reversal), we see that the mean ratings are in the predicted direction: 
positive feedback (M = 5.47, SD = 1.76), no feedback (M = 6.24, SD = 1.59), and 
negative feedback (M = 6.59, SD = 1.41), and significantly different, F(2, 147) = 6.682, p 
= .002, partial η2 = 0.083. Tukey's post-hoc tests showed positive feedback condition 
< no (p = .043, d = 0.46) and < negative feedback condition (p = .001, d = 0.70). No 
significant difference between negative and no feedback condition (p = .537, d = 
0.23). Significant linear contrast (p < .001, partial η2 = 0.082). 
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In Experiment 2, we aimed to replicate these findings from 

Experiment 1, and additionally explored the effects of the timing of 

the feedback valence reversal. That is, in Experiment 1, the feedback 

valence manipulation was reversed on the second task in order for 

the manipulation to remain credible (e.g., students who received 

predominantly positive feedback, got negative feedback on the 

second task). However, it is possible that the timing of this reversal 

might have an effect on mental effort ratings. With a valence reversal 

on the second task, participants’ do not get a chance to build a 

consistent expectancy of their performance (or appraisal of the task) 

based on the feedback early on in the process, as the feedback 

valence changes from the first to the second, and from the second 

to the third task. As such, the effects of feedback valence on 

perceptions of invested effort might be even more pronounced, 

when participants do initially develop performance expectations.  

For instance, Bandura (1977) stated that “After strong efficacy 

expectations are developed through repeated success, the negative 

impact of occasional failures is likely to be reduced.” (p. 195). If this is 

true, then a feedback reversal on the fourth task in a predominantly 

positive feedback valence condition (PPPNP) should have less of an 

impact than a feedback reversal on the second task (PNPPP) would 

have. In other words, the effects of predominantly positive feedback 

on perceptions of invested effort (i.e., lower) might be stronger when 

the feedback valence reversal occurs later on. Although Bandura 

(1977) only mentioned repeated success, we speculate that a similar 

process is possible for repeated failure, with positive feedback after 

repeated failure being more likely to be ascribed to chance (NNNPN), 

than positive feedback early on, which might provide confidence that 

success is possible (NPNNN). So again, the effects of negative 

feedback valence on perceptions of invested effort (i.e., higher) might 

be stronger when the reversal occurs later. Therefore, we explored in 

Experiment 2 (Question 2) whether the effects of predominantly 

positive feedback or predominantly negative feedback on 

perceptions of invested effort would become even more 

pronounced when there is a late reversal (fourth task) than when 

there is an early reversal (second task).  

 

 

 

5 

14731 - Raaijmakers_BNW.indd   115 05-01-18   07:58



116 

5.3. Experiment 2 
 

5.3.1 Method 

5.3.1.1 Participants and Design 

 A total of 347 participants from the United States were 

recruited via Amazon’s Mechanical Turk (http://www.mturk.com). As 

in Experiment 1, only participants with a good reputation on 

Mechanical Turk (approval rate of above 95%) were recruited, and 

they were compensated with $0.50 (for ca. 8 min. participation time 

on average). Fifty participants did not finish the session and were 

removed. No participants had to be removed for repeated 

participation (according to a check on IP addresses, which were 

inspected for duplicates). The remaining 297 participants had a mean 

age of 36.14 years (SD = 11.72; range: 18-76); 54% had completed a 

bachelor’s degree or higher, and 148 were male. All participants 

performed above chance on the attention check.  

Participants had been randomly assigned to one of five 

conditions, in which they performed 5 tasks with either: 1) no 

feedback (n = 60), 2) predominantly positive feedback with reversal 

on second task (PNPPP; n = 57), 3) predominantly positive feedback 

with reversal on fourth task (PPPNP; n = 62), 4) predominantly 

negative feedback with reversal on second task (NPNNN; n = 63), 

and 5) predominantly negative feedback with reversal on fourth task 

(NNNPN; n = 55). Again, none of the participants mentioned any 

awareness of the feedback manipulation after the experiment. 

 

5.3.1.2. Materials & Procedure 

Materials and procedure were similar to Experiment 1. 

 

5.3.2 Results 

Table 5.2 shows the mental effort and performance data for 

all conditions. Again, performance data are reported for 

completeness. Similar to Experiment 1, mean performance for all 

participants was low (M = .28, SD = .28; Table 2 shows data per 

condition). To check for possible differences in performance 

between conditions an ANOVA was performed, which showed no 

significant differences, F(4, 292) = 0.601, p = .662, partial η2 = 0.008.  
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Table 5.2. Mean (SD) of Performance Scores (range 0-1) and Effort Ratings 
(range 1-9) per Condition in Experiment 2 

 

Neg. FB  

rev. on 

2nd 

Neg. FB 

 rev. on 

4th 

No FB Pos. FB 

 rev. on 

2nd 

Pos. FB 

 rev. on 

4th 

 n = 63 n = 55 n = 60 n = 57 n = 62 

Mean 

performance 

.28  

(.26) 

.32  

(.30) 

.28  

(.27) 

.24  

(.27) 

.29  

(.31) 

Mean task-

specific effort 

7.12  

(1.10) 

7.02  

(1.11) 

6.78 

(1.60) 

6.45 

(1.54) 

6.18  

(1.51) 

Mean overall 

effort 

7.54  

(1.22) 

7.38  

(1.15) 

7.28 

(1.68) 

7.02  

(1.51) 

6.77 

(1.48) 

Note: FB = feedback; Neg. = negative valence; Pos. = positive valence; rev. 
on 2nd = feedback valence  reversal on the second task; rev. on 4th = 
feedback valence reversal on the fourth task. 
 

5.3.2.1 Effects of feedback and timing of effort ratings 

To test our hypotheses regarding the effects of feedback 

valence on effort ratings (Hypothesis 1 and 3), as well as the effect of 

timing of the effort rating (Hypothesis 2), a repeated measures 

ANOVA was conducted, with within-subjects factor timing of effort 

rating (average across five task-specific ratings vs. overall rating after 

the five tasks) and between-subjects factor feedback condition 

(collapsed for positive and negative, i.e., no feedback [condition 1] vs. 

positive feedback [condition 2 & 3] vs. negative feedback [condition 4 

& 5]). As can be seen in Table 2 (last rows), the overall mental effort 

rating after the series of five tasks, was higher than the average of 

task-specific mental effort ratings in each condition, in line with 

Hypothesis 2. The repeated measures ANOVA confirmed that this 

difference was significant, F(1, 294) = 117.71, p < .001, partial η2 = 

0.286. We also found a significant main effect of feedback condition, 

F(2, 294) = 7.35, p < .001, partial η2 = 0.048, but no significant 

interaction effect of timing and feedback condition, F(2, 294) = 1.84, 

p = .160, partial η2 = 0.012.16 Tukey's post hoc tests on the main 

                                                           
16 Again, age did not affect the results: a significant main effect of timing, F(1, 293) = 
16.35, p < .001, partial η2 = 0.053, and condition, F(2, 293) = 7.95, p < .001, partial η2 = 
0.051, but no interaction between condition and timing, F(2, 293) = 1.91, p = .149, 
partial η2 = 0.013. There was no effect of age, F(2, 293) = 3.72, p = .055, partial η2 = 
0.013, and no collinearity was observed between age and the condition the participant 
was in (r = .05, p = .426).    
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effect of condition showed that participants in the positive feedback 

condition gave significantly lower effort ratings than participants in 

the negative feedback condition (p < .001, d = 0.49). Similar to the 

results of Experiment 1, the difference between the positive and the 

no feedback condition was not significant (p = .111, d = 0.32), nor 

was the difference between the negative and no feedback condition 

(p = .512, d = 0.17)17. To check if mental effort ratings increased 

linearly across conditions, linear contrasts were performed for both 

the average of task-specific effort ratings and for the overall effort 

ratings at the end. Both average task-specific, F(1, 292) = 10.90, p = 

.001 , partial η2 = 0.035, as well as overall effort ratings, F(1, 292) = 

7.15, p = .008, partial η2 = 0.024, showed a significant linear trend, 

indicating, in line with Hypotheses 1 and 3, that mental effort 

decreased linearly across conditions from negative feedback to 

positive feedback. 

 

5.3.2.2 Exploration of effect of reversed feedback 

In order to explore whether the timing of the feedback 

reversal had an effect on the average of task-specific effort ratings 

(Question 2), a 2 x 2 ANOVA was conducted (on conditions 2-5; as 

there was, of course, no feedback reversal present in control 

condition). As expected given the analyses in the previous section, 

there was a main effect of feedback valence, F(1, 233) = 18.81, p < 

.001, partial η2 = 0.075, indicating that negative feedback resulted in 

significantly higher effort ratings than positive feedback (see Table 2). 

However, there was no main effect of feedback reversal, F(1, 233) = 

1.11, p = .294, partial η2 = 0.005, nor an interaction of feedback 

valence and reversal, F(1, 233) = 0.23, p = .632, partial η2 = 0.001.  

 

 

                                                           
17 Note that this analysis of the main effect involved both task-specific and overall 
ratings. If we only look at effort invested in the first three problems in conditions 1, 3, 
and 5 (i.e., not in any way affected by the feedback reversal), we see the same pattern 
of results as in Experiment 1 on the last 3 tasks (see Footnote 2). Mean ratings are in 
the predicted direction: positive feedback (M = 6.13, SD = 1.42), no feedback (M = 
6.76, SD = 1.47), and negative feedback (M = 7.04, SD = 1.41), and significantly 
different, F(2, 174) = 6.125, p = .003, partial η2 = 0.066. Tukey's post-hoc tests 
showed: positive feedback condition < no (p = .047, d = 0.44) and < negative 
feedback condition (p = .002, d  = 0.64). No significant difference between negative 
and no feedback condition (p = .548, d = 0.19). Significant linear contrast (p = .018, 
partial η2 = 0.031). 

5 

14731 - Raaijmakers_BNW.indd   118 05-01-18   07:58



119 

5.3.3 Discussion 

 In Experiment 2, we replicated the findings from Experiment 

1. Again, perceptions of invested effort were significantly higher after 

feedback that led students to believe their answers were 

predominantly incorrect (negative valence) than after feedback that 

their answers were predominantly correct (positive valence), and this 

applied to both the average of task-specific effort ratings (Hypothesis 

1) and the overall effort ratings (Hypothesis 3 in Experiment 2, this 

was Question 1 in Experiment 1). Perceived effort of participants in 

the control condition, who did not receive any feedback, fell in 

between (not significantly different from the feedback conditions), 

and there was a significant linear trend from negative feedback 

(highest effort) to no feedback, to positive feedback (lowest effort). 

We also replicated the finding from prior studies (Schmeck et al., 

2015; Van Gog et al., 2012) and from Experiment 1, that the overall 

effort rating provided after all five problems, was significantly higher 

than the average of the task-specific effort ratings provided 

immediately after each problem (Hypothesis 2).  

With regard to the open question (Question 2), we did not 

find any evidence that the moment of feedback reversal would affect 

perceptions of invested effort. If such a reversal occurs later on in the 

series of problems, then students have been able to build some 

expectation of the task and their performance on it, compared to 

when the reversal takes place in the beginning, which might lead to 

stronger effects of the feedback valence on the effort ratings. 

However, even though the means in Table 5.2 were in the expected 

direction for the positive valence conditions, we did not find any 

evidence that the average of the task-specific effort ratings was 

significantly lower (or higher, in case of negative valence) when the 

reversal occurred towards the end (fourth task) than at the beginning 

(second task). 

In sum, Experiment 2 showed that the findings from 

Experiment 1 were replicable. The fact that these experiments were 

run on Mechanical Turk also means that these findings hold in a 

rather heterogeneous participant population. Nevertheless, one 

could argue that the task we used (i.e., the complex weekday 

problems on which it would be hard for participants to estimate 

whether their performance was correct or not) is not that 

educationally relevant, and one might question whether these 
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findings would apply to a student population. Therefore, the purpose 

of Experiment 3 was to conceptually replicate the effect of feedback 

valence on effort ratings found in Experiments 1 and 2, using more 

educationally relevant problem-solving tasks and a different 

participant population of higher education students. 

 

5.4. Experiment 3 
To conceptually replicate the findings from Experiments 1 

and 2, we used a different type of problem-solving task in Experiment 

3, in the domain of biology. We used monohybrid cross problems 

that are commonly used in teaching genetics, which could be solved 

in five steps. If the feedback valence manipulation would also affect 

mental perceptions on these learning tasks, this would not only 

increase the generalizability of our findings, but also their relevance 

for contexts in educational research and educational practice in 

which effort is measured.  

Because a correct/incorrect manipulation of feedback 

valence would not be believable with these five-step problems, 

feedback valence was manipulated by first asking participants how 

many steps they felt they had performed correctly (self-assessment 

on a scale of 0-5) and then providing either negative feedback 

(indicating their performance was 2 points lower than they expected, 

bounded by the minimum score of 0) or positive feedback (indicating 

their performance was 2 points higher than they expected, bounded 

by the maximum score of 5).  

Based on the findings from Experiments 1 and 2, we 

expected that negative feedback valence would result in significantly 

higher ratings of invested mental effort than positive feedback 

valence, and that there would be a significant linear trend, with 

perceptions of invested effort in the no feedback control condition 

falling in between the positive and negative feedback valence 

conditions (Hypothesis 1). We also expect the overall effort ratings to 

be higher than the average of task-specific ratings (Hypothesis 2), and 

that the effect of feedback valence would not differ significantly for 

task-specific and overall effort ratings (Hypothesis 3). 
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5.4.1 Method 

5.4.1.1 Participants and Design 

 Participants in Experiment 3 were 66 Dutch higher education 

students with a mean age of 19.70 years (SD= 2.72; range = 17-34; 39 

male; university: n = 20, university of applied sciences: n = 46). They 

participated either for course credit or for a monetary reward of 5 

Euro. Participants were randomly assigned to one of three 

conditions: 1) no feedback (n = 23), 2) feedback with positive valence 

(higher score than expected; n = 23), or 3) feedback with negative 

valence (lower score than expected; n = 20).  

 

5.4.1.2 Materials 

 The materials were presented in a dedicated online learning 

environment developed for this experiment. Responses to all 

questions were required and were logged in the environment.  

 

5.4.1.2.1 Genetics problem-solving tasks 

 The five problem-solving tasks (cf. Corbalan et al., 2009; 

Kostons et al., 2012) were in the domain of biology (Mendel’s law of 

heredity) and consisted of five distinct steps (for an example, see the 

Appendix): (1) translating the information given in the cover story into 

genotypes, (2) putting this information into a family tree, (3) 

determining the number of required Punnett squares, (4) filling in the 

Punnett square(s),  (5) finding the answer(s) in the Punnett square(s). 

Tasks differed in complexity by varying the number of generations, 

the number of unknowns, the possibility of multiple answers, and the 

type of reasoning used to solve the problem. This resulted in five 

levels of complexity (cf. Kostons et al., 2012). Performance on the 

problem-solving tasks was scored by assigning one point for each 

correct step (i.e., range per task: 0-5 points). 

 

5.4.1.2.2 Self-assessment 

Participants were asked to assess their own performance on 

a 6-point rating scale, by indicating how many steps of a problem-

solving task they thought they had performed correctly, ranging from 

(0) no steps correct to (5) all steps correct. This self-assessment 

served as input for the feedback valence manipulation. 
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5.4.1.2.3 Feedback 

 Feedback consisted of a text message appearing on the 

screen after the task and self-assessment was completed. The no 

feedback control condition simply received the message “Your 

answers have been registered.”. In the positive feedback valence 

condition, the message stated “You performed better than you 

expected, you performed n steps correctly.” (where n was self-

assessed performance + 2, bounded by the maximum score). In the 

negative feedback valence condition, it said “You performed worse 

than you expected, you performed n steps correctly.” (where n was 

self-assessed performance - 2, bounded by the minimum score). 

 

5.4.1.2.4 Mental effort rating  
The task-specific and overall mental effort ratings were 

identical to those used in Experiments 1 and 2. 

  

5.4.1.3 Procedure 

Participants were provided a login code that took them to 

one of the three conditions in the online learning environment. In all 

conditions, participants were first shown an introductory video in 

which the correct definitions of terms were explained, along with the 

steps of the problem-solving procedure (without applying it to a 

specific problem). Then, participants observed a video modeling 

example, in which the problem-solving procedure was demonstrated 

and explained by a female model. Participants then went on to solve 

the five problems, which were presented in the same order for all 

participants and were of increasing complexity. After each task, 

participants were asked to self-assess their performance, received 

feedback (depending on assigned condition), and rated how much 

mental effort they invested in solving the problem (task-specific 

mental effort rating). After all five problems were completed, 

participants were asked to rate how much mental effort they had 

invested in solving all problems (overall mental effort rating). When 

the experiment was over, participants were asked if they could guess 

the purpose of the experiment. None of the participants indicated 

awareness of the feedback manipulation. In total, the experiment 

lasted about 40 to 45 minutes.  
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5.4.2 Results 

Table 5.3 shows the mental effort, performance, and self-

assessment data for all conditions. Data on performance and self-

assessment are reported here for completeness (we did not have any 

hypotheses regarding performance or self-assessment). Mean 

performance on the problem-solving tasks (range = 0-5) was fair (M 

= 3.34, SD = 1.00) and did not differ significantly between conditions, 

F(2, 63) = 0.25, p = .783, partial η2 = 0.008. Mean self-assessment 

scores did differ between conditions, F(2, 63) = 3.95, p = .024, partial 

η2 = 0.112; the data from Table 3 suggest that the participants in the 

negative feedback valence condition gave lower self-assessment 

ratings than participants in the other two conditions, which is likely a 

consequence of the feedback consistently informing them that they 

scored two points lower than they expected (interestingly, positive 

feedback did not seem to increase self-assessments compared to no 

feedback).  

 
Table 5.3 Mean (SD) of Performance Scores (range 0-5), Self-Assessment 
Scores (range 0-5), and Effort Ratings (range 1-9) per Condition in 
Experiment 3  
 Negative 

Feedback 

No  

Feedback 

Positive 

Feedback 

 n = 20 n = 23 n = 23 

Mean performance 3.34 (0.86) 3.44 (1.08) 3.23 (1.06) 

Mean self-assessment 2.91 (1.38) 3.73 (0.99) 3.84 (1.14) 

Mean task-specific effort 4.76 (1.89) 3.62 (1.54) 3.44 (1.33) 

Mean overall effort 5.10 (2.29) 3.96 (1.75) 3.74 (1.84) 

 

5.4.2.1 Effects of feedback and timing of effort rating 

To test the effects of feedback valence on effort ratings, as 

well as the effect of timing of the effort rating, a repeated measures 

analysis was conducted, with within-subjects factor timing of effort 

rating (average across five task-specific ratings vs. overall rating after 

the five tasks) and between-subjects factor feedback condition 

(negative feedback vs. no feedback vs. positive feedback). As can be 

seen in Table 3 (last rows), the overall mental effort rating after the 

series of five tasks was higher than the average of task-specific 

mental effort ratings in each condition, and the repeated measures 

ANOVA confirmed that this difference was significant, F(1, 63) = 6.98, 
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p = .010, partial η2 = 0.100. We also found a significant main effect 

of feedback condition, F(2, 63) = 3.74, p = .029, partial η2 = 0.106, 

but no significant interaction effect of timing and feedback condition, 

F(2, 63) = 0.02, p = .986, partial η2 < 0.001. Tukey’s post-hoc tests on 

the main effect of condition showed that, similar to Experiments 1 

and 2, participants in the positive feedback valence condition gave 

significantly lower mental effort ratings than participants in the 

negative feedback condition (p = .034, d = 0.78), whereas the no 

feedback condition fell in between and did not differ significantly 

from the positive (p = .921, d = 0.11), or negative (p = .082, d = 0.67) 

feedback valence condition. And as in Experiments 1 and 2, both the 

average of task-specific effort ratings, F(1, 63) = 7.33, p = .009, partial 

η2 = 0.103, as well as overall effort ratings, F(1, 63) = 5.18, p = .026, 

partial η2 = 0.075, showed a significant linear trend, indicating, in line 

with Hypotheses 1 and 3, that mental effort decreased linearly across 

conditions from negative feedback to positive feedback. 

 

5.4.3 Discussion 

In Experiment 3, we managed to conceptually replicate our 

findings from Experiments 1 and 2. In the next section, we will 

discuss the findings in more detail, and address the theoretical and 

practical implications.  

 

5.5. General Discussion 
All three experiments showed significant linear trends 

indicating that perceptions of effort invested in the very same 

problem-solving tasks, were lowest when participants received 

positive feedback and highest when they received negative feedback. 

The mental effort ratings following positive and negative feedback 

differed significantly and substantially from each other (in 

Experiments 1 and 2, mental effort ratings in the negative feedback 

valence condition were almost one scale point higher than in the 

positive feedback valence condition). Effort ratings when no 

feedback was given, fell in between, and did not differ significantly 

from effort ratings following positive or negative feedback. However, 

in Experiment 1 and 2, where effort ratings were relatively high, there 

seemed to be a trend that the positive feedback condition reported 

having invested less effort than the no feedback condition, and this 

was significant when looking only at a series of 3 consecutive tasks 
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unaffected by the feedback reversal (footnote 15 and 17). In 

Experiment 3, in contrast, where effort ratings were overall lower, 

there was hardly any difference between the positive feedback and 

the no feedback condition, but there seemed to be a trend in the 

opposite direction, with negative feedback leading to numerically 

higher effort ratings than no feedback (although this was not 

statistically significant, p = .082, it was a medium-sized effect).  

There are at least two possible explanations for this 

difference in patterns of results between Experiments 1 and 2 and 

Experiment 3. First, because of the high complexity of the problem-

solving tasks in Experiments 1 and 2, these required a high level of 

effort investment and therefore, there may have been no room for 

effort ratings to significantly increase compared to no feedback. Vice 

versa, the low complexity of the problem-solving tasks in Experiment 

3 might not have allowed for effort ratings to significantly decrease 

compared to no feedback, as some effort always needs to be 

invested to accommodate the task demands. The linear trend shows, 

though, that they did numerically increase and decrease as 

hypothesized. Second, as will be discussed in more detail in the next 

section, task complexity might perhaps be a moderator of the effect 

of feedback on perceptions of invested effort, possibly via 

participants’ emotional response.  

 

5.5.1 Limitations and future research 

This study has several limitations, which all relate to the fact 

that we have established that feedback valence affects perceptions 

of invested effort, but not the mechanisms through which this 

occurs. First, it is possible that students may have started investing 

more or less effort on subsequent tasks due to the feedback, in 

which case our results may be due to differences in actual effort 

investment rather than to differences in perceptions of invested 

effort. Our data provide no indications that this was the case; for 

instance, if participants actually invested more effort on a subsequent 

task, one would expect this to result in higher performance 

(especially in Experiment 3), but there were no performance 

differences between conditions. Nevertheless, we cannot rule out 

this possibility, and future research should attempt to gain more 

insight into the potential effect of feedback on effort invested in 

subsequent tasks, for instance, by including a condition in which 
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feedback is given after the effort rating is requested, or by using 

objective measures (e.g., physiological, or dual task measures; 

Brünken et al., 2003) of effort investment during a subsequent task.  

A second limitation of our study is that we did not measure 

participants’ emotional response to the feedback. We assumed that 

negative feedback would result in negative emotions and positive 

feedback in positive emotions. However, this is a rather crude 

dichotomy, as positive and negative emotions can be both activating 

and deactivating (e.g., Pekrun et al., 2007). Moreover, these 

emotional responses to the feedback might differ with the 

complexity of the tasks. To speculate, when task complexity is high, 

(as in Experiments 1 and 2), positive feedback might induce relief (a 

positive deactivating outcome-focussed emotion) that is less likely to 

occur with low complexity tasks (Pekrun, Goetz, Titz, & Perry, 2002). 

This deactivating emotion might perhaps explain why there was a 

trend towards lower (perceptions of) effort investment in the positive 

than the no feedback condition (which was significant when looking 

only at the tasks unaffected by the feedback reversal) in Experiments 

1 and 2 that was not present in Experiment 3 (although, as 

mentioned above, it might also merely reflect a bottom effect in 

Experiment 3). In contrast, an activating negative emotion like anger 

in response to negative feedback may not result in an increase in 

(perceptions of) effort investment on high complexity tasks, as 

additional effort is unlikely to make a difference, but on lower 

complexity tasks, increasing effort in response to negative feedback 

is more likely to pay off. This might explain why there was no 

difference between negative and no feedback in Experiments 1 and 

2, while there was a trend towards higher effort in the negative 

compared to the no feedback condition (a medium-sized though not 

significant effect) in Experiment 3 (although, as mentioned above, 

this might also merely reflect a ceiling effect in Experiments 1 and 2). 

In sum, it would be interesting in future research on this topic to 

systematically vary task complexity within one experiment and to 

measure participants’ emotional response to the feedback, 

distinguishing between activating and deactivating positive and 

negative emotions, as these factors might explain effects of feedback 

on perceived effort invested in the task (or actual effort investment in 

a subsequent task). 
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A third, related, limitation is that our findings suggest that 

feedback valence affects the cues that learners use when rating 

invested effort, which is an interesting and important first step. 

However, the present study did not measure which cues learners 

use. Speculating, it seems likely that feedback alters participants’ task 

perceptions, presumably – at least partly – via affective responses as 

discussed above (see also Efklides, 2008), and that this influences 

their perception of how much effort they invested in the task (or their 

actual effort investment in a subsequent task). Future research should 

start investigating this question of cue use in rating effort investment, 

and research on the cue-utilization view of metacognitive judgments 

(Koriat, 1997) may provide appropriate paradigms for doing so. Such 

studies on cue use could also point towards other external 

influences (e.g., mood; task design) that might affect perceptions of 

invested effort.  

Finally, a potential limitation of our study is that we cannot 

rule out that other types of feedback might have had different 

effects; for instance, it might be worthwhile to investigate in future 

research whether including a form of social comparison in the 

feedback (e.g., relative performance feedback compared to fellow 

students or a norm group) would amplify affective responses (cf. 

Tesser, Millar, & Moore, 1988) and (thereby) affect perceptions of 

invested effort more strongly.  

 

5.5.2 Theoretical and practical implications 

The fact that we attempted and managed to directly replicate 

the findings from Experiment 1 in Experiment 2, and then to 

conceptually replicate them in Experiment 3, is considered important 

for educational research (Bauernfeind, 1968; Makel & Plucker, 2014), 

and strengthens the theoretical as well as practical relevance of this 

study. As for theoretical implications, our study provides a first step 

towards addressing the cues used by participants when rating how 

much effort they invested in a task. Our findings make clear that 

perceptions of how much effort was invested in a task, rely not only 

on people’s direct experience with the task during performance, but 

can be influenced by external factors after the fact. As mentioned 

above, future research should more directly investigate the 

mechanisms through which this occurs in order to help researchers 

make informed choices on when to apply subjective rating scales.  
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Regarding practical implications, it is imperative that effort 

measures obtained in the context of research, or as a central part of 

task selection in adaptive or self-regulated learning environments, 

reliably reflect experienced cognitive load. Our results suggest that 

this may no longer be the case when feedback is provided before an 

effort rating is obtained. Although, our experiments mainly show a 

difference between effects of positive and negative feedback on 

effort ratings, there are some patterns in the data to suggest 

differences with the no feedback condition may arise under certain 

conditions. For instance, in Experiments 1 and 2 there is a difference 

between the positive and no feedback conditions if we look at the 

series of three tasks in a row that are unaffected by the feedback 

reversal. In Experiment 3, the difference between the no feedback 

and negative feedback condition was not statistically significant (p = 

.082) but did have a medium effect size. As such, it seems 

recommendable to measure effort directly after each task, to rule out 

possible external influences (e.g., of feedback valence) on 

retrospective effort ratings (future research should establish whether 

feedback valence also affects ratings on subsequent tasks, though, as 

measuring directly after each task will not take care of this problem 

in that case). Delaying effort ratings until after all tasks have been 

completed, does not resolve the problem that the perception of 

invested effort is affected by feedback, and would introduce a 

second problem, namely that it does not reliably reflect the average 

load experienced throughout the series of tasks. That is, we 

replicated and extended earlier findings (Schmeck et al., 2015; Van 

Gog et al., 2012), showing that overall mental effort ratings after a 

series of tasks were higher than the average of task-specific mental 

effort ratings. 
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5.5.3 Conclusion 

To conclude, we found evidence across three experiments—

with different problem-solving tasks and participant populations—that 

perceptions of effort investment were affected by feedback valence. 

The mechanisms through which this occurs are still unclear, but 

might involve post-hoc changes in task perceptions (possibly via 

affective responses). Future research should follow-up on these 

findings to address those mechanisms by uncovering what cues 

learners use when judging how much effort they invested in a task. 

Although further research is needed, our findings suggest that it may 

be advisable in studies or learning environments in which mental 

effort is measured as an indicator of cognitive load, to assess mental 

effort investment directly after each task, and before giving feedback 

on performance. 
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Appendix 5.1 

Example of problem-solving task (at the lowest level of complexity) 
used in Experiment 3 

Fur color 

A guinea pig’s fur color is determined by a gene that expresses itself 
as black in its dominant form (F), and white in its recessive form (f). 
Two guinea pigs, who are both black and homozygote for that trait, 
produce offspring. What are the possible genotypes for this 
offspring? 

Step 1. Translate information from the text into genotypes. 

- Both guinea pigs are homozygote for the dominant allele, so 
both genotypes are FF. 

Step 2. Fill in a family tree. 

 

Step 3. Determine number of Punnett squares needed, by deciding if 
problem is to be solved deductively or inductively. 

- Both parents are given, so we can solve the problem 
deductively. Solving problems deductively only requires one 
Punnett square. 

Step 4. Fill in the Punnett square. 

 F F 

F FF FF 

F FF FF 

 

Step 5. Find the answer in the Punnett square. 

- The only possible genotype for the offspring is FF.
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Students in secondary education are expected to develop self-

regulated learning skills, which are key to success in higher 

education and workplace learning (Zimmerman & Schunk, 2001). 

However, self-regulated learning skills do not develop spontaneously, 

which is why educational researchers have been searching for 

effective means of training and supporting self-regulated learning 

skills.  

The studies in this dissertation built on and extended 

previous research in which it was shown that it is possible to train 

two key self-regulated learning skills in secondary education 

students: self-assessment and task-selection (Kostons, Van Gog, & 

Paas, 2012). Students were trained on these skills through video 

modeling examples (in which they could observe the skills being 

demonstrated by another person) and then engaged in self-regulated 

learning (selecting tasks of their own choice from a database with 75 

heredity problems in biology; the tasks differed in complexity and the 

amount of support provided). Students who had been trained 

acquired more knowledge during self-regulated learning as 

evidenced by better posttest performance on similar biology 

problems. 

 

Question 1: Transfer 

The findings by Kostons et al. (2012) were very promising. 

However, it remained an open question whether transfer would 

occur, that is, whether students would be able to use the acquired 

skills effectively in other domains, with problem-solving tasks that 

might differ in the number of steps that would have to be assessed, 

or task-databases that would differ in the number of complexity or 

support levels. Whether transfer occurs would be relevant to know 

for successful implementation of the training in the secondary 

school curriculum as this determines whether the training should be 

repeated in different subjects, or whether these skills — once 

acquired — could be used in other domains than the one they were 

trained in.  
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Therefore, the first question that was addressed in this 

dissertation is whether the trained self-assessment and task-selection 

skills in biology would transfer to another domain (math). This 

question was addressed in Chapters 2 and 3. The study presented in 

Chapter 2 replicated the findings by Kostons et al. (2012) that self-

assessment and task selection training though video modeling 

examples positively affected self-regulated learning outcomes (i.e., 

posttest performance on the biology problems after engaging in self-

regulated learning). Additionally, some evidence was found that task-

selection skills might transfer: students who had been trained were 

more accurate at selecting a new task for a fictitious peer student 

based on a scenario in which this student’s performance and effort 

on a math task was described (the structure of the math problems 

and task database differed from the biology problems on which 

students had been trained). However, training with a more general 

heuristic task-selection rule (which was expected to transfer more 

easily) was not more effective (for biology posttest performance or 

transfer) than training with the algorithmic rule that was used by 

Kostons et al. 

The experiment presented in Chapter 3 took the issue of 

transfer a step further, by investigating whether students would use 

the self-assessment and task-selection skills when studying in 

another domain themselves. The experiment presented in Chapter 3 

featured the same training conditions as in Chapter 2 (no, 

algorithmic, or heuristic self-assessment and task-selection training). 

After the training with the video modeling examples in the domain of 

biology, students engaged in self-regulated learning in math (with 

problems and a task database of a different structure than in the 

training with biology problems), followed by a posttest on similar 

math problems. Although a manipulation check showed that the 

students could apply the task-selection rule within the biology 

domain, this experiment did not show any evidence of transfer of the 

self-assessment and task-selection skills to self-regulated learning in 

math (i.e., posttest performance on the math problems did not differ 

significantly between conditions). 

The results from Chapter 2 and 3 give rise to the question 

why transfer of self-assessment and task-selection skills did occur 

when students were selecting tasks for fictitious peers in another 

domain, but not when they were solving problems themselves in a 
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self-regulated learning environment in another domain. A potential 

explanation for this discrepancy is that the cognitive load 

experienced during the self-regulated learning phase in math could 

have left students with insufficient cognitive resources to 

simultaneously think about what they had learned during the training 

and how that would translate to these new tasks (cf. Van Gog, Kester, 

& Paas, 2011). That is, selecting a task for a fictitious student, based 

on information that is already given, is presumably much less 

cognitively demanding than having to keep in mind and adapt self-

assessment and task-selection rules (which can be seen as a 

secondary task) while also working on novel and difficult problems 

(the primary task). Although the heuristic task-selection rule was 

designed to be easier to remember and apply (i.e., to reduce 

cognitive load), it did not seem to facilitate transfer compared to the 

algorithmic rule. This suggests that more extensive training, or 

support during self-regulated learning in a new domain (e.g., 

prompting students to think of what they learned about self-

assessment and task-selection in the other domain) may be 

necessary to allow for successful transfer of task-selection skills. 

 

Question 2: Self-assessment feedback 

The second question was whether the effectiveness of the 

training for self-assessment accuracy could be further improved by 

providing feedback on the accuracy of students’ self-assessments. 

The two experiments presented in Chapter 4 investigated whether 

self-assessment feedback would improve the accuracy of later self-

assessments in the absence of the feedback, as well as the accuracy 

of task-selections in the presence and absence of the feedback. In 

the first experiment, students were provided with self-assessment 

and task-selection training, followed by a learning phase in which 

they solved problems without feedback; with general self-

assessment feedback that indicated whether a self-assessment was 

correct or incorrect and how many steps had been performed 

correctly; or specific self-assessment feedback, which also indicated 

which steps had been performed correctly or incorrectly. This was 

followed by a test phase with problems on which feedback was no 

longer provided. The results from this first experiment showed that 

the self-assessment feedback in the learning phase did not improve 

subsequent self-assessments in the test phase (in which feedback 
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was no longer present). The feedback was even found to harm self-

assessment accuracy. Unexpectedly, feedback on self-assessment 

accuracy did not improve the task selections in the learning phase 

(i.e., with feedback present); in contrast, it even led to less accurate 

task selections. In the test phase, when there was no feedback 

present, task-selection accuracy did not differ between conditions. 

In the second experiment, participants received no feedback, 

general self-assessment feedback plus information on what the 

correct answers were, or general self-assessment feedback 

information on what the correct answers were with the opportunity 

to contrast those with their own answers. Again, feedback did not 

improve self-assessments made in the test phase without the 

feedback, nor did it affect task selection accuracy (either with or 

without self-assessment feedback present). 

One way, in which self-assessment feedback might have 

harmed self-assessment accuracy in Experiment 1, could have been 

that students started to rely on the feedback and no longer paid 

attention to monitoring their own performance during problem 

solving (Salmoni, Schmidt, & Walter, 1984). Thus, feedback on the 

accuracy of the self-assessment might have led to less, instead of 

more, attention to monitoring. An alternative explanation is that 

students simply corrected their self-assessments downwards (cf. 

Roelle, Schmidt, Buchau, & Berthold, 2016) without taking into 

account that they gained knowledge throughout the experiment, and 

exploratory analyses did point in that direction. The negative effect of 

self-assessment feedback on task-selection accuracy might perhaps 

be explained by students’ tendency to select easier tasks after 

receiving negative feedback (Ilgen & Davis, 2000). Students might 

have reacted similarly to the self-assessment feedback, essentially 

interpreting it as negative performance feedback. 

One might argue that giving students feedback on self-

assessment accuracy without providing them with information on 

what the correct answer would have been is not very useful. 

However, adding the correct answers to the feedback did not 

improve self-assessment accuracy; possibly for similar reasons as 

mentioned above (i.e., reduced monitoring during problem solving). 

It has been suggested that in order for feedback to be effective, it 

should lead to active engagement (Nicol & MacFarlane-Dick, 2006). 

If students were expecting the feedback to tell them how well they 
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were doing, then the feedback counterintuitively could have led to 

less active engagement. 

 

Question 3: Performance feedback and effort ratings 

The third question addressed in this dissertation was whether 

providing students with positive or negative feedback on their 

performance, making them aware that they did better or worse than 

they expected (as e.g., the self-assessment feedback in Chapter 4 

did), would alter their self-reported mental effort investment. In order 

to select appropriate tasks in a paradigm in which task selections are 

(or should be) based on self-assessed task performance and self-

reported mental effort invested in the task, it would be undesirable if 

mental effort ratings would be affected by external factors. 

Therefore, the effect of feedback valence (i.e., negative or positive) 

on the perceptions of mental effort was investigated in Chapter 5 

using feedback that was not actually related to performance (i.e., 

manipulated feedback). In three experiments, students were 

presented with problem-solving tasks and received either positive, 

negative, or no feedback, prior to asking them to rate how much 

mental effort they invested in solving that problem.  

The first two experiments used complex but knowledge-lean 

problem-solving tasks and participants either received no feedback 

or were informed that they performed the task correctly (positive 

feedback condition) or incorrectly (negative feedback condition) 

prior to rating how much effort they invested in solving the problem. 

The third experiment was conducted with biology problems (cf. 

Chapters 2-4) and participants either received no feedback, or were 

informed that their performance was higher than their self-assessed 

performance (positive feedback) or lower than their self-assessed 

performance (negative feedback) prior to rating how much effort 

they invested in solving the problem. 

In each of these experiments there was evidence for a linear 

trend showing that negative feedback increased perceived mental 

effort and that positive feedback decreased perceived mental effort 

compared to no feedback (negative and positive feedback resulted in 

significantly different mental effort ratings). One potential explanation 

for these findings is that the negatively valenced feedback triggered 

negative emotions and that positively valenced feedback triggered 

positive emotions (e.g., Ilgen & Davis, 2000; Martocchio & Webster, 
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1992). These emotions might have influenced participants’ 

perceptions of mental effort. This influence might be direct (i.e., 

affect functions as cue for mental effort) or indirect (e.g., via 

perceptions of task difficulty). If feedback changes the perception of 

task difficulty (Winne & Hadwin, 1998) and task difficulty functions as 

a cue for judging mental effort (Koriat & Nussinson, 2009), students’ 

perceptions of invested mental effort might be influenced by the 

feedback. Consequently, providing feedback could lead to an 

overestimation of invested mental effort (after receiving negative 

feedback) or an underestimation (after receiving positive feedback). 

The results from Chapter 5 indicate that perceptions of invested 

effort do not only rely on student’s direct experience with the task 

during performance, but also on external factors after having 

completed the task. Influence of external factors should be 

prevented as much as possible when task-selection decisions 

depend on perceptions of invested mental effort (as is the case in the 

paradigm used in Chapters 2-4). 

 

6.1 Limitations  

The research presented in this dissertation has several 

limitations. I will focus on overarching issues here as limitations of 

individual studies have been addressed in the respective chapters. 

First, as most of the experiments have been conducted in the 

classroom, one could postulate that these environments may 

produce noisy data (or incomplete data, as was the case in some of 

the studies), which would negatively impact the statistical power. This 

would make it more difficult to measure small effects. However, 

educational research should produce knowledge relevant to 

educational practice and one could argue that small effects are less 

relevant to educational practice as these have low impact on 

students’ learning. Moreover, conducting experiments in the 

classroom increases the ecological validity. 

A second limitation concerns the measurement of task-

selection accuracy. This measurement was dependent on the task-

selection algorithm that was used to train students’ task-selection 

skills. It is possible that the algorithm that was used is not the most 

optimal task-selection algorithm. However, a very comparable 

algorithm has been shown to be effective when tasks were selected 

for students based on the algorithm (i.e., this improved performance; 
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Corbalan, Kester, & Van Merriënboer, 2008) and the fact that the 

training conditions benefitted more from the self-regulated learning 

phase in Chapters 2 and 3 also provides some evidence that this 

algorithm does have beneficial effects on learning. Nevertheless, it 

cannot be ruled out that assessing task-selection accuracy by means 

of adherence to the trained algorithm posed a disadvantage to the 

heuristic training condition.  

Finally, the training with video modeling examples was 

relatively short. Longer training might be more effective and might be 

necessary for improving transfer. Nevertheless, the fact that we 

already found beneficial effects with such a relatively short training is 

very promising, especially because video modeling examples are 

easy to implement in educational practice. 

 

6.2 Future research 

Future research could benefit from the findings presented in 

this dissertation both on a theoretical level and on a more practical 

level. From a theoretical point of view, these studies demonstrate 

that a synthesis of self-regulated learning theory and cognitive load 

theory may indeed provide new and useful insights, as recently 

suggested (e.g., Boekaerts, 2017; De Bruin & Van Merriënboer, 2017; 

Sweller & Paas, 2017). Furthermore, these studies call for more 

research into the scaffolding of self-regulated learning skills as a 

means to lower cognitive load and improve transfer (Van 

Merriënboer & Kirschner, 2013), for example, by instructing students 

how to apply a task-selection rule in a new domain or context. The 

heuristic task-selection rule used in Chapter 2 and 3 was supposed to 

scaffold the transfer of task-selection skills, but the results did not 

reveal a benefit of task-selection training with the heuristic rule over 

the algorithmic rule. As transfer of task-selection skills to other 

domains is important, both practically as well theoretically, the 

question of how to support transfer remains of interest. 

Future research could also investigate how to further 

improve task-selection and task-selection transfer. For instance, by 

studying on what cues students base their task-selection decisions 

(e.g., by interviewing students or by having them think aloud during 

task selection; cf. Kostons, Van Gog, & Paas, 2010). When these cues 

are more clear, extra guidance can be provided to redirect students’ 

attention from cues that are not relevant (e.g., the cover story) to 
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cues that are relevant to consider when selecting a new task (e.g., 

complexity and support). In addition, it might be necessary to instruct 

students more directly on how to recognize opportunities for 

transfer. Direct and explicit instruction might be necessary for 

transfer of task-selection skills because spontaneous transfer is rare 

(Salomon & Perkins, 1989). Such explicit instruction could include 

exercises in which students are asked to search for analogies 

between tasks and task databases in different domains. This might 

help them see how to (adapt and) apply the task-selection rule they 

had just learned from the video modeling examples. Excessive 

cognitive load could perhaps also be reduced by automatization of 

the task-selection rule (Van Merriënboer & Kirschner, 2013), for 

instance by adding exercises after the video modeling examples 

before continuing to the self-regulated learning phase. 

Self-regulated learning research could also benefit more 

from investigations into the relation between emotions and self-

regulated learning variables (e.g., Azevedo et al., 2013; Efklides, 2011; 

Pekrun, Goetz, Titz, & Perry, 2002). Based on Chapter 5 of this 

dissertation, it seems fruitful for future research to investigate the 

relation between feedback, emotion, and perceptions of invested 

mental effort. This, in turn, could inform educational practice how 

feedback could be provided effectively. 

 

6.3 Conclusion 

Self-assessment and task-selection skills are key components 

of self-regulated learning. The studies presented in this dissertation 

built on and extended prior research showing that self-assessment 

and task-selection skills can be trained via video modeling examples. 

From Chapter 2 and 3 we learned that transfer of self-assessment 

and task-selection skills to a new domain is difficult: Whereas 

students can apply those skills to selecting new tasks for a (fictitious) 

other student in another domain, they cannot apply them when they 

concurrently have to learn to master new problem-solving skills in 

the other domain themselves. Future research should address 

conditions under which transfer would be enabled, as this is relevant 

for successful implementation of the training in the secondary 

school curriculum (i.e., it would be helpful if the training would not 

have to be repeated in different subjects). From Chapter 4 and 5 we 

learned that providing feedback on the accuracy of self-assessment 
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does not improve self-assessment accuracy. However, the valence of 

performance and self-assessment feedback seems to affect mental 

effort ratings. This is important to know when asking students to take 

their perceived effort into account when selecting new tasks. It 

would therefore be fruitful for future research to include affective 

and emotional variables in the paradigm that was used to study self-

assessment and task-selection in this dissertation. 
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Van leerlingen in het voortgezet onderwijs wordt verwacht dat zij de 

vaardigheid ontwikkelen om hun eigen leerproces te sturen (i.e., 

zelfgestuurd leren). Zelfgestuurd leren is de sleutel tot succes in het 

hoger onderwijs en in de verdere loopbaan (Schunk & Zimmerman, 

2001). Helaas ontwikkelt deze vaardigheid zich niet vanzelf. 

Onderwijsonderzoekers zijn daarom op zoek naar effectieve 

manieren om de zelfregulatievaardigheden van leerlingen te trainen 

en te ondersteunen. 

 De studies in dit proefschrift bouwen voort op eerder 

onderzoek waarin is aangetoond dat het mogelijk is om middelbare 

scholieren te trainen in twee cruciale aspecten van zelfgestuurd 

leren: zelfbeoordeling en taakselectie (Kostons, Van Gog, & Paas, 

2012). Leerlingen werden hierin getraind met videovoorbeelden 

(waarin zelfbeoordeling en taak selectie voor werden gedaan). Na het 

bekijken van die videovoorbeelden mochten zij zelf taken selecteren 

uit een taakdatabase met 75 erfelijkheidsopgaven die verschilden in 

het niveau van complexiteit en in de mate van ondersteuning). De 

leerlingen die de videovoorbeelden hadden bekeken presteerden na 

het zelfgestuurd leren beter op een posttest met 

erfelijkheidsopgaven. 

 De bevindingen uit de studie van Kostons et al. (2012) waren 

veelbelovend. Toch is het voor uiteindelijke implementatie van een 

dergelijke training in het middelbaar onderwijs van belang om te 

weten of deze zelfbeoordelings- en taakselectievaardigheden — 

eenmaal aangeleerd — ook te gebruiken zijn tijdens andere vakken 

dan het vak waarin ze aangeleerd zijn. In andere woorden, de vraag is 

of er transfer optreedt van de getrainde zelfregulatievaardigheden 

naar andere vakken.  

De eerste vraag waarop dit proefschrift een antwoord zocht, 

was dan ook de vraag of er transfer optreedt van de binnen het 

biologie domein aangeleerde zelfbeoordelings- en taak-

selectievaardigheden naar een ander domein (wiskunde). Deze vraag 

stond centraal in Hoofdstuk 2 & 3 van dit proefschrift. In het 

onderzoek in Hoofdstuk 2 werden de bevindingen van Kostons et al. 

(2012) gerepliceerd. De resultaten lieten zien dat dat de training van 

zelfbeoordeling en taakselectie door middel van videovoorbeelden 

leidt tot betere leerresultaten (d.w.z. prestatie op de biologie posttest) 

na zelfgestuurd leren. Bovendien werd er bewijs gevonden dat er 

enige transfer optrad (d.w.z. dat leerlingen de aangeleerde 
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taakselectievaardigheden konden toepassen in een ander domein): 

de leerlingen die getraind waren met de videovoorbeelden waren 

beter in staat om taken te selecteren voor een fictieve andere leerling 

op basis van informatie in een scenario (i.e., een beschrijving van de 

prestatie van de leerling op een wiskundeopgave en de moeite die hij 

of zij daarvoor had gedaan). In tegenstelling tot de verwachting, 

presteerden de leerlingen die getraind waren met een meer 

algemene (heuristieke) taakselectieregel niet beter op deze 

transferopgaven dan de leerlingen die getraind waren met de meer 

specifieke (algoritmische) taakselectieregel die ook gebruikt was door 

Kostons et al. 

Het experiment in Hoofdstuk 3 ging een stap verder in het 

onderzoeken van transfer, door na te gaan of leerlingen de 

aangeleerde zelfbeoordelings- en taakselectievaardigheden op 

zichzelf konden toepassen tijdens het zelfgestuurd leren in een ander 

domein (wiskunde). Dezelfde condities waren aanwezig als in 

Hoofdstuk 2 (geen training, zelfbeoordeling en taak-selectie training 

met algoritme, of met heuristiek). Na training met de 

videovoorbeelden (in de context van biologie) konden leerlingen zelf 

een aantal wiskundeopgaven kiezen in een elektronische 

leeromgeving. Daarna kregen zij een toets met vergelijkbare 

wiskundeopgaven. Een korte manipulatiecheck na de 

videovoorbeelden gaf aan dat de leerlingen de zelfbeoordelings- en 

taakselectievaardigheden konden toepassen binnen het 

biologiedomein, maar helaas bleken de leerlingen niet in staat om 

deze vaardigheden toe te passen binnen het wiskundedomein (d.w.z. 

er waren geen verschillen in prestatie op de wiskundetoets na het 

zelfgestuurd leren). 

De tweede vraag die onderzocht werd in dit proefschrift, was 

of de effectiviteit van de zelfbeoordelingstraining verder verbeterd 

kon worden door leerlingen feedback te geven op de accuratesse 

van hun zelfbeoordeling. In de twee experimenten in Hoofdstuk 4 

werd onderzocht of zulke zelfbeoordelingsfeedback de accuratesse 

zou verbeteren van zelfbeoordelingen op nieuwe taken, waarbij geen 

feedback meer gegeven werd. Ook werd er gekeken naar het effect 

op de accuratesse van taak selecties (met en zonder feedback). In 

het eerste experiment kregen leerlingen de zelfbeoordelings- en 

taakselectietraining met videovoorbeelden, waarna zij doorgingen 

naar een leerfase waarin zij opgaven maakten: a) zonder enige 
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feedback, b) met algemene zelfbeoordelingsfeedback waarin werd 

aangegeven of de zelfbeoordeling correct of incorrect was en 

hoeveel stappen van de opgave goed gemaakt waren, of c) met 

specifieke zelfbeoordelingsfeedback waarin additioneel aangegeven 

werd welke stappen van de opgave goed gemaakt waren. Na de 

leerfase gingen de leerlingen door naar een testfase waarin zij 

vergelijkbare opgaven kregen, maar zonder enige feedback. Uit de 

resultaten bleek dat de zelfbeoordelingsfeedback de 

zelfbeoordelingsaccuratesse tijdens de testfase niet bevorderde. 

Integendeel, de feedback leek zelfs een negatief effect te hebben op 

de zelfbeoordelingsaccuratesse. Enigszins onverwacht bleek de 

feedback ook de accuratesse van de taak selecties tijdens de leerfase 

niet te verbeteren; het leek zelfs tot minder accurate taakselecties 

tijdens de leerfase (in aanwezigheid van de 

zelfbeoordelingsfeedback) te leiden. Wat betreft de taakselecties 

tijdens de testfase waren er geen verschillen tussen de condities. 

Tijdens het tweede experiment kregen leerlingen: a) geen 

feedback, b) algemene zelfbeoordelingsfeedback en de goede 

antwoorden na elke opgave, of c) algemene 

zelfbeoordelingsfeedback en de goede antwoorden na elke opgave 

met hun eigen antwoorden ernaast (zo konden ze hun eigen 

antwoorden vergelijken met de goede antwoorden). De feedback 

had opnieuw geen positief effect (maar ook geen negatief effect) op 

de zelfbeoordelingsaccuratesse en er waren geen verschillen tussen 

condities wat betreft taak-selectieaccuratesse (zowel in de leerfase 

met zelfbeoordelingsfeedback, als in de testfase zonder feedback). 

 De derde vraag die in het laatste empirische hoofdstuk van 

dit proefschrift centraal stond, was of het geven van positieve en 

negatieve feedback op hun prestatie, die leerlingen de indruk gaf dat 

zij beter of slechter gepresteerd hadden dan dat zij verwachtten (een 

proces dat ook optrad bij de zelfbeoordelingsfeedback in Hoofdstuk 

4), hun zelfrapportage van hoeveel moeite de opgave hen gekost 

had, zou beïnvloeden. Die vraag is van belang, omdat het in een 

situatie waarin de taakselecties gebaseerd (zouden moeten) zijn op 

een combinatie van de zelfboordeling van de prestatie en de moeite 

die deze prestatie kostte, niet gunstig is wanneer de perceptie van de 

hoeveelheid moeite die de opgave kostte, beïnvloed zou worden 

door externe factoren. In Hoofdstuk 5 werd daarom onderzocht of 

de perceptie van lerenden over de moeite die de opgave hen kostte, 
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beïnvloed zou worden door het type feedback (positief vs. negatief) 

dat zij kregen nadat ze een opgave hadden gemaakt. 

 In drie verschillende experimenten kregen lerenden 

probleem-oplostaken voorgelegd en kregen zij na afloop ofwel 

positieve, of negatieve, of geen feedback voordat hen gevraagd werd 

hoeveel moeite de opgave hen gekost had. In de eerste twee 

experimenten werden complexe probleem-oplostaken gebruikt 

waarvoor geen voorkennis nodig was. In het derde experiment, dat in 

de klas werd uitgevoerd, werden biologie opgaven gebruikt (vgl. 

Hoofdstuk 2-4). De resultaten van alle drie de experimenten lieten 

een duidelijke lineaire trend zien: negatieve feedback leidde tot 

hogere scores op de vraag hoeveel moeite de opgave gekost had, 

terwijl positieve feedback leidde tot lagere scores (vergeleken met de 

situatie waarin geen feedback gegeven werd). 

 Samenvattend, van de studies in Hoofdstuk 2 en 3 leerden 

we dat het moeilijk is om aangeleerde zelfbeoordelings- en taak-

selectievaardigheden toe te passen in een nieuw domein. Leerlingen 

lijken wel in staat taken te selecteren voor (fictieve) andere leerlingen, 

maar wanneer zij ze op zichzelf moeten toepassen tijdens 

zelfgestuurd leren in het nieuwe domein lukt dit hen niet. 

Toekomstig onderzoek zal uit moeten wijzen wat voor 

ondersteuning leerlingen nodig hebben deze slag wel te kunnen 

maken. Dit is belangrijk voor de implementatie van zelfbeoordelings- 

en taakselectietraining, want dan is het niet nodig om leerlingen bij 

alle vakken opnieuw te trainen. Van Hoofdstuk 4 en 5 leerden we dat 

het geven van feedback op de zelfbeoordelingsaccuratesse die 

accuratesse op latere opgaven niet ten gunste komt. Daarnaast 

leerden we dat de (emotionele) lading van de prestatie- en 

zelfbeoordelingsfeedback de perceptie van geïnvesteerde moeite lijkt 

te beïnvloeden. Dit inzicht is belangrijk wanneer leerlingen een 

inschatting van de geïnvesteerde moeite (moeten) gebruiken om 

nieuwe opgaven te selecteren (of op een andere manier gebruiken in 

hun leerproces). Vervolgonderzoek zou deze effecten nader kunnen 

bestuderen door affectieve en emotionele variabelen mee te nemen 

in studies van eenzelfde opzet als die in dit proefschrift. 
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Hoewel ik zelf tijdens mijn promotietraject regelmatig dacht: “Wat 

raar dat ík mag gaan promoveren”, waren er rondom mij heen 

mensen die dat wel normaal leken te vinden. Nog beter zelfs; die erin 

geloofden dat ik écht zou gaan promoveren. Die mensen wil ik hier 

graag even bedanken. 

Allereerst natuurlijk de mensen zonder wie dit proefschrift er niet 

gelegen had. Lydia, bedankt voor al je hulp tijdens het wankele begin. 

Martine, bedankt voor al jouw motiverende woorden. Nu moet ik het 

zonder die steun doen. Fred, bedankt voor het mogen lenen van 

jouw expertise. Dankzij jou lagen er uiteindelijk toch nog goede 

video’s. Jeroen, bedankt voor al je fijne feedback en de manier 

waarop je mij uitdaagde mijn ideeën te verdedigen. En als laatste, 

maar zeker niet de minste, wil ik Tamara bedanken. Na 4 jaar heb ik 

nu eindelijk een ingebouwde Tamara ontwikkeld die over mijn 

schouder meekijkt en op- en aanmerkingen in de kantlijn zet als ik 

aan het schrijven ben. Ik merk nu pas hoeveel ik van jou heb geleerd. 

Bedankt. 

Ik wil ook nog de andere betrokkenen bij het PROO project 

bedanken. Liesbeth, Halszka, Jimmie en Michelle: bedankt voor al 

jullie hulp tijdens het project. 

Natuurlijk wil ik ook al mijn collega’s bedanken waar ik de afgelopen 

4 jaar fijn mee heb gewerkt en gekletst. Het waren er erg veel en ik 

ga vast mensen vergeten als ik iedereen probeer op te noemen. Dus 

bij deze: bedankt collega’s bij de EUR en de UU voor de fijne 

samenwerking en alle gezelligheid tijdens de borrels. Nu wil ik nog 

wat mensen in het specifiek bedanken. 

In Rotterdam is alles begonnen en ik voelde mij daar al snel thuis. Op 

de hele 13e verdieping, maar vooral op T13-33 — in het specifiek bij 

twee mensen: Denise en Marieke. De mok die ik van jullie heb 

gekregen gebruik ik nog steeds trouw! Ook het voetballen en bowlen 

met de guys kan ik mij goed herinneren. Jesper, Marien, Mario, en 

Wim: bedankt! Marloes, bedankt voor al je vrolijkheid! Marit, die 

verjaardag bij de Fireplace doen we nog eens over! En Gertjan, die 

barre tocht door Limassol doen we toch maar niet meer over. 
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In Utrecht maakte ik natuurlijk deel uit van de Rotterdamse invasie, 

maar al snel merkte ik dat het in Utrecht ook erg gezellig was. E336 

(kaliumtartraat) was een fijne kamer, bedankt roomies! Margot, ik ben 

blij dat jij mee verhuisde richting Utrecht. Noortje, bedankt voor de 

altijd goedgevulde snoeppot. Marloes, bedankt voor je leuke effect 

sizes. En Vincent, bedankt voor het delen van meerdere hotelkamers; 

was altijd gezellig! 

Luce, wat fijn om af en toe bij jou mee te eten of op de bank te 

ploffen voor een serietje. O, en bedankt voor alle tubifex. 

Eva, bedankt voor je eerlijkheid en alle uitdagende discussies die we 

de afgelopen jaren hebben gehad. Veel geleerd! 

Tim, bedankt voor alle nasi-donderdagen; die houden we er nog 

even in. Nice to be your friend, buddy! 

Natuurlijk waren er ook mensen die buiten de universiteit indirect 

hebben bijgedragen aan dit proefschrift. Vrienden, bedankt dat jullie 

af en toe heb mogen vervelen met mijn geblaat over wetenschap. 

Jiska, bedankt dat je mij naar mijn tentamens hebt geschopt. Mijn 

familie: pap en mam, ik weet dat ik altijd op jullie kan terugvallen en 

dat heeft mij veel gesteund. Het is heel fijn als er soms tegen je 

gezegd wordt: niets hoeft en alles mag. Lieve oma: wat fijn dat je er 

bij bent! Precies zoals je de gehele vier jaar hebt beloofd. Judith en 

JW: bedankt dat ik altijd bij jullie langs mag komen; zelfs op vakantie! 

En natuurlijk bedankt voor die twee heerlijke bronnen van afleiding. 

Als laatste wil ik Anke bedanken, blij dat jij er bent ;). 
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He presented his work at various international conferences. He 

was a member of the Educational Committee of the national 
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an educational consultant and trainer at the Department of 

Education at Utrecht University.  
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ICO dissertation series 

In the ICO Dissertation Series the dissertations of graduate students from faculties and 

institutes on educational research within the ICO Partner Universities are published: 
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