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ABSTRACT 

This study arises from the question of how learners experience different learning arrangements while learning to develop 
competence-based tasks with a new digital workbench. The study compares a guided arrangement with worked examples 
to an exploratory learning scenario. Leading questions for the design of the study and analysis are as follows: Does the 
guided group develop more tasks? Does the explorative group test more functionalities of the digital workbench? Does the 
guided group report lower cognitive load and a more positive attitude toward the workbench? 
The analysis of the elements created within the workbench reveals that the guided group was able to develop more tasks, 
while there was no difference in quality. The data show that the explorative group was able to test more functionalities; 
however, the difference was not significant. The results of the questionnaire show that the overall cognitive load also did 
not differ significantly. There are differences in the scales, which are discussed more deeply in this article. Regarding the 

further use of the digital workbench1, both groups report a positive attitude. It can be concluded that learning to use a new 
digital environment for developing examination tasks should be supported; however, the form of guidance can be subject 
to further investigation. 
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1. INTRODUCTION 

Which learning arrangement helps learners most? This question has occupied educational and psychological 

science for a very long time and has led to intensive discussions between researchers around the world. One of 

the best-known debates is between Kirschner et al. (2006) and Hmelo-Silver et al. (2007). While the former 

argue against unguided exploration (i.e., pure discovery learning), Hmelo-Silver et al. claim that discovery, 

exploratory and problem-based learning are effective under certain conditions, such as through scaffolding. 

More recent studies report that different instructional approaches also pursue different learning goals; therefore, 

different learning goals need different instructional methods (Koedinger et al., 2012; Renkl, 2015). For 

example, the promotion of interest, motivation or attitude toward scientific disciplines in explorative learning 

scenarios can be an important (learning) goal (Newman and DeCaro, 2019). Likewise, different approaches 

can also moderate the learning process (Hmelo-Silver, 2004), as demonstrated in Likourezos and Kalyuga 

(2017). Their study provided evidence that participants in an unguided group accepted the learning of new 

content as a challenge more strongly than a guided group. The authors explain that this compensated for the 
higher cognitive load that was otherwise associated with this type of learning approach (Likourezos and 

Kalyuga, 2017, p. 214). 

According to cognitive load theory (CLT), excessive cognitive load can unnecessarily strain working 

memory and hinder learning. This is especially relevant for beginners who have little prior knowledge of a 

certain domain (Sweller, 1988; Sweller et al., 2019). If they are confronted with low-guidance learning 
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methods, these learners are quickly overwhelmed and must invest more time, e.g., to solve a task or a problem 

(Sweller et al., 2007, p. 116). One way to counteract this challenge is to reduce extraneous cognitive load. CLT 

has identified many effects related to this phenomenon, such as the worked example effect (Sweller, 2020). 

This effect has been demonstrated in many empirical studies and shows that the use of worked examples to 
learn domain-specific knowledge is more effective than teaching approaches without such guidance. The 

reduction of extraneous load also leads to better results in understanding and transferring knowledge to other 

problems (Renkl, 2014; van Gog et al., 2011; Wittwer and Renkl, 2010). 

Worked examples are elaborated samples of problems that lead step by step to the solution to the problem. 

Novices can use them to follow an expert's approach, and as their level of expertise increases, they can detach 

themselves from the supportive materials. Worked examples mostly use practical, highly structured problems 

(Atkinson and Renkl, 2007). However, there are also examples of worked examples for less structured 

problems, e.g., writing, argumentation training or studying teaching methods (van Gog and Rummel, 2010). 

The learning of digital tools can also be supported with the help of worked examples (Hilbert and Renkl, 2009). 

It must be noted that the worked examples effect is sufficient for beginners. Experts or advanced learners 

may perceive worked examples as not conducive to learning. This effect is called the expertise reversal effect 
and has been proven in many empirical studies (Kalyuga, 2007). 

Furthermore, worked examples limit the exploration of other possible solutions, which is known as learning 

through failure (Kapur, 2008). Achieved learning goals within a worked example learning scenario are usually 

based on a very clear and restrictive structure, which can hinder the acquisition of learning objectives beyond 

the constructed setting (Hmelo-Silver, 2004). 

2. PRESENT STUDY 

Based on the abovementioned findings on learning with worked examples, this study examines how a fully 

guided instructional design with worked examples affects different learning goals compared to an explorative 

approach. The first learning objective involves participants’ creation of tasks for vocational training 

examination with a new digital platform, called the digital workbench. This objective is divided into two parts: 

the quantity and the quality of the tasks created. The second learning objective is the examination of the 

functions of the digital workbench. The cognitive load as well as the attitude of the participants toward the 

workbench will be examined since learner characteristics such as attitude can influence the perception of 

cognitive load (Scheiter et al., 2009). The following hypotheses will be tested: 

H1: The group guided through worked examples scores better than the unguided group on the 1st 

 learning objective (quantity and quality of the prepared examination tasks). 
H2: The unguided group explores more functionalities (learning objective 2) of the workbench than the 

 guided group. 

H3: The guided group reports a lower cognitive load than the unguided group. 

H4: The guided group shows more positive attitudes toward the workbench than the unguided group. 

H5: Attitude toward the workbench positively influences the perceived cognitive load. 

3. METHOD 

3.1 Design and Participants 

A total of 31 participants (four women, 22 men, five did not specify) with an average age of 50.6 (SD = 8.9) 

years participated in the study. The participants worked as teachers and research assistants for schools and a 
state organization for nationwide examinations in vocational education and training. We used a randomized 

experimental design. Sixteen participants were randomly assigned to the fully guided worked examples group 

(FG) and 15 to the unguided exploratory group (UG). 
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3.2 Materials 

3.2.1 Prototype of the Workbench 

Within the framework of the ASPE project2, a digital workbench was developed to support the participants of 

this study in the future creation of examination tasks. In this study, the first prototype was tested for the first 

time. An examination in vocational education and training consists of several parts, all of which can be created 

in the digital workbench and then combined to form an examination. The prototype allows the research team 
to access all the content created. This created content is evaluated and used to determine how successfully 

learning objectives 1 and 2 have been achieved. 

3.2.2 Learning Tasks and Objectives 

The tasks were handed out to the participants in written paper-based form. Each element of an exam had to be 

worked out at least once by the participants in the same way as for a real exam. The other learning objective 

was to explore the functionalities of the digital workbench. 

3.2.3 Instructional Worked-Out Example 

The step-by-step instructions were issued only to the guided group in paper-based form. The manual consisted 

of text-image combinations with regard to design principles of the cognitive theory of multimedia learning 

(CTML) (Mayer, 2019). 

3.2.4 Measurement of Cognitive Load 

Cognitive load was measured with the Nasa Task Load Index (NASA-TLX). The NASA-TLX is a self-reported 

questionnaire with six subscales on a scale of 0-20 (Hart, 2006; Hart and Staveland, 1988). It is used frequently 

because it meets the requirement of multidimensional measurement of cognitive load compared to  

one-dimensional scales (de Jong, 2010). Participants filled out the NASA-TLX after working with the 
workbench (Cronbach's alpha = 0.7). 

3.2.5 Survey of Attitudes 

We used an adapted version of the personal digital assistants’ attitude survey (Cheng, 2017) to investigate the 

participants' attitudes toward the use of the workbench. This questionnaire consists of four scales: usability  

(α = 0.9, four items), usefulness (α = 0.9, four items), concerns (α = 0.6, three items) and intention to use  

(α = 0.7, three items). The Likert scale ranges from 1 (do not agree at all) to 5 (agree completely). 

3.2.6 Procedure of Measurement of Cognitive Load and Attitude 

The participants were randomly assigned to one of the two conditions, guided with worked examples  

(FG group) or explorative without guidance (UG group), by means of colored markings on the name tag. Two 

to three participants met in a small group to test the workbench. Each FG group received the worked example 

and the paper-based task. The small groups in the UG group received only the printout with the task. After the 

intervention, the participants completed the questionnaires on cognitive load and attitudes. All elements created 

in the workbench were saved anonymously. 

4. RESULTS 

For the evaluation of the learning success regarding the two learning objectives, the data from the workbench 

were first prepared in tabular form, and then the values were calculated together with the values from the 

questionnaires on cognitive load and attitude in SPSS 26. 
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4.1 Descriptive Statistics 

In Table 1, we present the descriptive statistics for each variable. Learning success is divided into learning 

objective 1 with the quantitative and qualitative components. Learning objective 2 involves testing the 

functions of the workbench. 

Table 1. Descriptive statistics with means and standard deviations for all variables 

 FG (n = 16)  UG (n = 15) 

Variable M SD  M SD 

Learning Obj. 1 – quantitative 3.50 1.38  1.71 0.95 
Learning Obj. 1 – qualitative 6.50 5.68  4.00 3.00 
Learning Obj. 2 – functions 8.00 5.40  10.00 6.90 
 
Cognitive Load 

     

Mental Demand 10.06 5.13  10.53 5.84 
Physical Demand 5.12 6.12  4.40 3.23 
Temporal Demand 4.00 3.76  8.92 4.73 
Performance* 8.50 4.65  12.20 4.78 
Effort 8.00 5.48  8.33 4.98 
Frustration 6.25 5.62  8.80 5.67 

Overall CL 6.99 3.31  8.85 3.05 
 
Attitudes 

     

Usability 3.14 0.46  2.98 0.50 
Usefulness 3.09 1.11  3.68 1.16 
Concerns 1.46 0.47  1.58 0.56 
Intention to Use 3.65 0.93  3.98 0.92 

Overall Attitude 2.83 0.44  3.00 0.46 

*Note: Scale performance is reverse coded. 

4.2 H1: Does the Guided Group Score Better? 

To test the first hypothesis, “the group with the support of worked examples scores better than the unguided 

group on the 1st learning objective (quantity and quality of the prepared examination tasks”, we calculated an 
independent t-test with the values for small groups per condition (Table 2). Levene's test for equality of variance 

showed no significant values for learning success quantitatively (p = 0.07) or qualitatively (p = 0.46), so we 

can assume homogeneity of variance. 

Table 2. Results of the independent t-test to test hypothesis one 

Variable FG UG t(11) p Cohen’s d 

 M SD M SD    

Learning Obj. 1 – quantitative 
 

3.50 1.38 1.71 0.95 -2.75 0.019 1.50 

Learning Obj. 1 – qualitative 6.50 5.68 4.00 3.00 -1.02 0.33 - 

 
The results in Table 2 support part of our first hypothesis. The FG group differed significantly from the UG 

group in quantitative learning success, t(11) = -2.76, p = 0.019. This means that the FG group solved the 

required task significantly more often than the UG control group. The effect size according to Cohen (1992) 

was high (d = 1.50). No significant differences were found in the quality of the actual tasks for final vocational 

examinations that were created by the participants. The FG group created more tasks but did not create them 

at a higher quality than the lesser tasks created by the UG group (t(11) = -1.02, p = 0.33). 
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4.3 H2: Does the Explorative (Unguided) Group Test More Functionalities? 

To answer hypothesis two, a t-test was again calculated for independent samples (Table 3), this time with the 

variable functions explored as a dependent variable. Levene's test again showed no significance. We again 

assume homogeneity of variance (p = 0.41). 

Table 3. Results of the independent t-test to test hypothesis two 

Variable FG UG t(11) p Cohen’s d 

 M SD M SD    

Learning Obj. 2 – functions 8.00 5.40 10.00 6.90 0.57 0.58 - 

 

The mean values in Table 3 show that the UG group explored the functionality of the workbench slightly 
more. However, this difference is not significant, t(11) = 0.57, p = 0.58, so we reject this hypothesis. 

4.4 H3: Does the Guided Group Report a Lower Cognitive Load? 

To determine whether the unguided group (UG) reported a higher cognitive load, we compared the mean values 

of each scale and the overall cognitive load using a t-test. Except for the physical demand scale (Levene's test, 
p = 0.029), all scales showed variance homogeneity (p-value between 0.45 - 0.90). For the overall cognitive 

load, there was no significant effect between the groups, t(29) = 1.63), p = 0.12. Additionally, the scales of 

mental demand (p = 0.81), physical demand (p = 0.67), effort (p = 0.86) and frustration (p = 0.22) did not differ 

significantly between the FG group and the UG group. 

We found significant differences for the temporal demand and performance scales (Table 4). 

Table 4. Significant results of the independent t-test to test hypothesis three on cognitive load 

Variable FG UG t(29) p Cohen’s d 

 M SD M SD    

Temporal Demand 4.00 3.76 8.92 4.73 3.12 0.004 1.21 
Performance* 8.50 4.65 12.20 4.78 2.18 0.037 0.78 

*Note: Scale performance is reverse coded. 
 

As Table 4 shows, the participants of the UG group found the processing of the task in the workbench more 

time-consuming than did the FG group, and the effect size according to Cohen (1992) was large, d = 1.21. 

We also see a large effect in the results of the participants' own assessment of the performance that can be 

achieved with regard to the task (d = 0.78). This means that the group with the worked examples believed more 

strongly that they could successfully complete the task set compared to the UG group. 

4.5 H4: Does the Guided Group Show More Positive Attitudes Toward the 

Workbench? 

We must reject this assumption. The results from the independent t-test do not show significant differences 

between the FG and UG groups for any scale or for the summary of all scales (overall attitude). We interpret 

the results as indicating that both free exploration and a guided instructional approach fostered positive attitudes 

toward our developed workbench. 

4.6 H5: Does the attitude toward the workbench influence the perceived 

cognitive load? 

To test hypothesis 5, we calculated linear regression models with the overall cognitive load as the dependent 

variable and the individual attitude scales as independent variables. The results are shown in Table 5. 
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Table 5. Effect of attitude on cognitive load 

 Unstandardized Standardized Coefficients Std. Error 

Variable FG UG FG UG FG UG 

(Constant) 19.19*** 6.45     

Usability -3.92** -1.23 -0.54** -0.20 1.32 1.78 

Usefulness -1.43* 1.50 -0.48* 0.57 0.66 1.07 

Concerns 0.52 3.00 0.07 0.54 1.38 1.89 

Intention to Use 1.03 -1.02 0.29 -0.31 0.72 1.28 

    

R2 0.67 0.36   

corr. R2 0.55 0.11   

F-FG(4,11), F-UG(4,10) 5.63** 1.41   

f2 1.11 -   

*p=0.05, **p<0.05, ***p<0.01    

 
As we can see in Table 5, the model is significant only for the FG group (F-FG(4,11) = 5.63, p = 0.01,  

N = 16). The effect size f2 = 1.11 corresponds to a strong effect according to Cohen (1992). The attitude toward 

the workbench among the participants of the FG group therefore had an influence on the cognitive load. Only 

the scales usability (p = 0.01) and usefulness (p = 0.05) were significant. If the positive attitude toward these 

two variables decreases, cognitive load can increase. This effect is stronger for usability (unstandardized beta 

= -3.92) than for usefulness (unstandardized beta = -1.43). In the UG group, however, we did not find any 

significant influences for any of the attitude scale variables that can be reported as predictors of cognitive load 

(F-UG(4,10) = 1.41, p = 0.30, N = 15). We also calculated a linear regression with the overall attitude scale as 

an independent variable for both groups. The model was not significant for the FG group, F-FG(1,14) = 1.70, 

p = 0.21, N = 16, or for the UG group, F-UG(1,13) = 0.78, p = 0.39, N = 15. 

Based on the results found in 4.3, we calculated linear regression models with temporal demand and 

performance as dependent variables. 
A scale from the attitudes scale was not a significant predictor for the sense of temporal demand in either 

group; F-FG(4,11) = 1.49, p = 0.27 and F-UG(4,8) = 1.72, p = 0.24. 

For the variable performance, it was found that usability (p = 0.02) and usefulness (p = 0.012) were 

significant predictors in the FG group; F-FG(4,11) = 5.38, p = 0.012, f2 = 1.08. This was not true for the UG 

group. None of the variables showed significant values in the sense of assumed performance;  

F-UG(4,10) = 2.07, p = 0.16. 

5. DISCUSSION 

This study examined how different learning arrangements affect learning goals, cognitive load, and attitudes 

toward a new digital workbench. One learning objective was to create vocational education examination tasks 

using the workbench, and quantitative and qualitative aspects were investigated. In terms of quantity, it was 

found that the group led by worked examples (FG) was more successful than the explorative group (UG). No 

differences were found in regard to the quality of the tasks created by the participants. Both groups showed 

similar performances. The second learning objective was to explore the new workbench and test its functions. 

Here, the descriptive statistics data show a small advantage in favor of the UG group; however, the difference 

is not significant. These results are consistent with other research results on worked examples. Highly 

structured and clear tasks are much better fulfilled by guided groups (Atkinson and Renkl, 2007). This was not 
the case for more explorative aspects of the task, where both groups performed similarly. 
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The overall cognitive load did not differ significantly between the groups, and only the scales of temporal 

demand and performance differed significantly. The UG group found working on the tasks more time 

consuming than the FG group. The FG group showed much stronger confidence in their own performance and 

reported higher values for performance. The time requirement for unguided instructional designs was also 
reported by Kirschner et al. (2006). Instructional designers should take this into account when designing 

learning arrangements and, in the case of more explorative approaches, give learners more time to solve tasks. 

Perceived performance can have a lasting effect on learning success, as Bandura's theory on self-efficacy shows 

(Bandura, 1977). Instructional designers should also be aware of the extent to which explorative learning 

environments may hinder learners’ confidence in their success. No differences were found regarding attitudes 

toward the workbench. Both groups reported high values on all scales and were positive about further use. 

The scales of usability and usefulness were found to be predictors of cognitive load, but only in the FG 

Group. For learning arrangements that are digitally supported, it can be concluded that the handling of the 

respective platform or technology should be perceived as simple by the users. With this in mind, the potential 

risk of cognitive load can be minimized. In conclusion, the technology used should also help to process certain 

tasks; otherwise, the risk of cognitive overload increases. 
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