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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). 
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 (this was in line with the Kostons et al., 2012, study and students were made aware of the fact that there could be errors in the problem-solving part of the modeling examples). 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 1); 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 1. 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 1 and were analyzed with one-way analyses of variance (ANOVAs) or Kruskal-Wallis Tests when the assumption of normality was violated. 
Table 1
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 (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, 2015). 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). 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 and were analyzed with one-way analyses of variance (ANOVAs) or Kruskal-Wallis Tests when the assumption of normality was violated. 

Table 2
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


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.
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.
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.
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, 2015). 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). Herewith, the risk of students incorporating errors into their problem-solving procedures was removed.
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 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 thought aloud during problem solving (see Figure 2). 
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Figure 2. Still from one of the video modeling examples in Experiment C.

[bookmark: _GoBack]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 the video modeling examples. Rather, 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 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) to ensure they would process the problem-solving part of the examples as well (or even better) than students in the self-assessment and task-selection training conditions. Table 3 shows how the four modeling examples differ from each other in number of steps performed and gender of the model (these were also the modeling examples used in the main experiment).
Next to modeling the problem-solving procedure, the video modeling examples also modeled self-assessment and task-selection skills (always correct). Identical to previous experiments, this was done through either an algorithm (algorithmic condition), or a heuristic based on the algorithm (heuristic condition).

Table 3 
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 4 and were analyzed with one-way analyses of variance (ANOVAs) or Kruskal-Wallis Tests when the assumption of normality was violated. 
Table 4
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
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. 
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.
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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