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Abstract

Learners in the process of developing complex skills need a rich mental model of

what such skills entail. Textual analytics rubrics (TR) are a widely used instrument to

support formative assessment of complex skills, supporting feedback, reflection, and

thus mental model development of complex skills. However, the textual nature of a

rubric limits the possibility to deliver contextual and dynamic (time-and behaviour-

oriented) information. In the Viewbrics online tool, we developed a version

supporting the delivery of contextual and dynamic information by adding video-

modelling examples with embedded self-explanation prompts to textual analytics

rubrics. We called this combination as video-enhanced rubrics (VERs). Our current

study investigates whether the Viewbrics online tool supports complex skills devel-

opment and whether either textual- or video-enhanced rubrics best support complex

skills' mastery. The study was a three-group (VERS n = 49, TR n = 54, control n = 50)

within-subjects design. Learners' performance of complex skills was measured

through expert, peer, and self-assessment using the Viewbrics online tool. A multi-

level regression analysis shows learners in the TR and VERS conditions consistently

outperforming the control condition to varying degrees across skills. However, no dif-

ferences have been found between the two experimental conditions. Positive results

across different complex skills indicate the Viewbrics online tool can be used to sup-

port the development of a wide range of complex skills in secondary education.

K E YWORD S

(formative) assessment, 21st century skills, complex skills, muiltimedia, rubrics, video

1 | INTRODUCTION

Organizations characterized by rapid technological changes and com-

plex knowledge benefit from employees with skills (van Laar

et al., 2018). For learners to participate in this challenging society

successfully, The Dutch National Expertise Centre for Curriculum

Development (SLO) defined 11 complex skills as 21st-century skills

(critical thinking, collaboration, information literacy, creativity, prob-

lem-solving, communication, oral presentation, collaboration, and

computational thinking). The 21st-century skills are transversal,
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meaning that they can be applied in several specific subjects (math, lan-

guage, history) and across domains (healthcare, ICT). The transversal,

future-oriented nature of 21st-century skills means the learner should

have insight into their development. The development of 21st-century

skills should be seen as an ongoing, iterative process, and that educa-

tion in these skills is needed (Brand-Gruwel & Gerjets, 2008).

As a result, Dutch schools design learning tasks for acquiring com-

plex (21st century) skills to prepare learners for their future careers

(Onderwijsraad, 2014). Innovative teachers provide ‘project-based
education’ to develop and implement methods to support the devel-

opment of complex (21st century) skills. While working in groups,

learners' practice, for instance, oral presentation, collaboration, and

information literacy skills. However, learners can experience difficul-

ties to master complex skills because it can be difficult to imagine

what the performance of a complex skill implicates in terms of con-

crete behaviour (Rusman et al., 2014; Thijs et al., 2014).

A learner can only work up to a performance level after under-

standing how performing a complex skill would look at the desired

performance levels (Hattie & Timperley, 2007). For a clear description

of how performing a complex skill will be assessed on different perfor-

mance levels, we see a growing use of textual analytic rubrics

(Rusman et al., 2014; Thijs et al., 2014). A textual analytic rubric can

be an effective instrument for clarifying desired performance levels

(feedforward) because it defines the constituent skills and associated

mastery levels of a complex skill (Panadero & Romero, 2014; Van

Merriënboer & Kester, 2005).

Given the literature, we detected three problems when relying

on textual analytic rubrics to support complex skill development in

pre-university learners (Ackermans et al., 2017). First, rubrics can

provide a fragmentary textual framework because a rubric describes

a complex skill using a subdivided set of constituent (sub)skills iden-

tified by experts. Identifying subdivided sets may result in insuffi-

cient attention to the necessary integration of constituent skills

during task execution (Van Merriënboer & Kester, 2005; Van

Merriënboer & Kirschner, 2007). We expect videos can ‘fill in the

gaps’ and prevent the fragmentation of constituent skills. Video can

provide the learner with the opportunity to personally encode

dynamic and contextual information from the video modelling exam-

ple of the complex skill. Dynamic information refers to information

extracted from dynamic stimuli such as video, whereas contextual

information connects information about real-world attributes to rep-

resent complex skills within a natural context (Matthews

et al., 2010; Westera, 2011). Second, a textual rubric lacks the con-

textual information needed to convey the real-world attributes and

natural context of skills' performance and representation of dynamic

information (such as gesturing in the complex skill of presenting)

(Matthews et al., 2010; Westera, 2011). Video modelling examples

can visualize these expert actions. Third, as complex skills contain

several constituent skills, the priority, sequence, and physical perfor-

mance of the complex skill need to be observed by the learner to

supplement the textual assessment criteria with context and

dynamic information (Matthews et al., 2010).

We developed a digital 360-degree assessment instrument

(known as the Viewbrics online tool) in two versions (a textual and

video-enhanced rubrics version) to remedy the three problems when

relying on textual analytic rubrics only to support the development of

a complex skill. The Viewbrics online tool with video-enhanced rubrics

(VERs) works on the premise that it can provide richer (supportive)

contextual, semantic as well as dynamic information because the

video is recollected better, contains more and different information,

offers more cues to aid retrieval from long-term memory, attracts

more attention of learners and increases learner engagement

(Matthews et al., 2010). The Viewbrics online tool provides video

enhanced rubrics with modelling example and embedded self-

explanation prompts (VERS) in a technology-enhanced formative

assessment supporting environment. Learners themselves, their peers,

and their teacher (expert) use the Viewbrics online tool while training

and formatively assessing three complex cognitive skills: information

literacy, collaboration, and oral presentation (Ackermans, Rusman,

Brand-Gruwel, & Specht, 2019).

1.1 | The theory supporting the development of
complex skills through the Viewbrics tool

As we use a rubric as a foundation for developing complex skill perfor-

mance with the Viewbrics online tool, we first need to have insight

into the qualities of a rubric to understand how rubrics foster the

development of complex skills. The clear grading criteria found in a

rubric may be its most important quality, promoting assessment qual-

ity and effectiveness, positively influencing the learners' performance

(Brookhart & Chen, 2014; Reynolds-Keefer, 2010). The four elements

of a performance objective are described on a textual level to form

the levels of an analytic rubric. These elements are the (1) tools,

(2) conditions, (3) standards, and (4) action the learner should perform

to meet the performance objective (Janssen-Noordman & Van

Merriënboer, 2002).

From a learner's standpoint, the transparency of a rubric may aid

the feedback process by allowing the learner to define objectives in

advance, practice and review the received feedback with the rubric's

help, and provide (self and peer) feedback based on the rubric. Feed-

back contains information about the gap between the perceived com-

plex skill mastery level and a higher mastery level in a recurring

feedback loop (Ramaprasad, 1983). This transparency makes a textual

analytic rubric an effective instrument for the formative assessment

of complex skills.

Formative assessment is concerned with how evaluation of the

quality of student performance can be used to improve the student's

competence. Formative assessment can give the learner insight into

the process of complex skill mastery (Sadler, 1989). Thus, the forma-

tive assessment supports an iterative process of learner-regulated

development (Panadero et al., 2013; Van Aalst et al., 2011). Rubrics

are being implemented as a tool to support learner regulated develop-

ment, as they provide a detailed account of the interrelated parts or
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‘sub-skills’ that make up a complex skill, such as presentation, collabo-

ration, and information literacy (Panadero et al., 2012) and provides

the learner with feed-up, feedback, and feedforward (Company

et al., 2019).

There is a strong theoretical and empirical base for stating that a

rich mental model is at the core of complex skill performance

(Brandt & Uden, 2003; Dimitroff, 1992; Gary & Wood, 2011;

Sasse, 1997; Slone, 2002; Ziefle & Bay, 2010). Learners have been

shown to rely on mental models for planning, strategizing, decision

making, creating rules, and guiding interventions to reach desired tar-

gets, predicting their performance on a complex skill (Holyoak &

Cheng, 2010; Rehder, 2003).

The modelling example found in an experts' execution of a com-

plex skill is a rich source of information for constructing a mental

model. From the performance of the experts' action, the learner inter-

prets consciously controlled cognitive processes. A video modelling

example visualizes these expert actions. Research by Frerejean

et al. (2016) indicates that video positively supports students' perfor-

mance on information literacy. Kim and McDonough (2011) have

found similar results on the performance of collaboration. Finally, de

Grez et al. (2014) corroborate the beneficial effects of video on the

performance of oral presentation skills. We expect the learner to

interpret the video role models' actions as a result of the expert's

mental model (Matthews et al., 2010; Van Merriënboer &

Kirschner, 2007).

The videos of the Viewbrics online tool contain short films of

(peer-aged) professional actors in the role of modelling examples. The

videos were developed using the design framework and six practical

guidelines resulting from our previous paper (addressing dilemmas

regarding ‘contradicting’ design guidelines for a video-enhanced rubric)

(Ackermans, Rusman, Nadolski, et al., 2019). Experienced actors dem-

onstrate every sub-skill of information literacy (Vimeo link), collabora-

tion (Vimeo link), and presentation skills (Vimeo link) on the highest

level of mastery described in a rubric in professionally written,

directed and produced videos. (Matthews et al., 2010; Van

Merriënboer & Kirschner, 2007).

The professional videos and are then transformed into interactive

videos using the conclusions of our previous paper (an expert

appraisal of our first prototype VERs by 20 international experts); we

concluded that for VERs, it is crucial to facilitate learners in con-

necting video-modelling examples and subskills as described in the

rubrics, using features such as annotations (Ackermans et al., 2018).

Interactive videos encourage the learner to connect descriptive tex-

tual rubric content to realistic, motivational, and cognitive load con-

scious video modelling examples in their own words, through

embedded self-explanation prompts illustrated in Figure 1. Vimeo

links to the resulting interactive videos that can be found in the para-

graph ‘Using the Viewbrics Online Tool’.
The usability of the Viewbrics tool and formative assessment

methodology was tested with seven students and 21 teachers of

two secondary schools during several iterations (Rusman

et al., 2019). This evaluation showed that both teachers and stu-

dents evaluated the online tool and formative assessment methodol-

ogy as handy, usable, helpful, and feasible for learning complex skills.

However, some recommendations were made to further improve

the design of the tool.

We previously examined the effects of the Viewbrics online tool

on the mental model development of learners (Ackermans, Rusman,

Nadolski, et al., 2019). In the VERs condition, learners improved men-

tal model quality compared to the control condition for collaboration

and information literacy. We did not find conclusive evidence for stat-

ing oral presentation benefits from the VERS condition in our

previous work.

2 | PRESENT STUDY

This study investigates the effect of the Viewbrics online tool on the

development of learners' performance for the skills of information lit-

eracy (a), collaboration (b), and oral presentation (c). We examine the

following research questions for three skills (a,b,c) and three condi-

tions (1,2,3):

F IGURE 1 The image to the left shows the self-reflection questions in order of the appearance of a sub-skill in the video and the colour of
the corresponding skill-cluster. The image to the right shows the prompt the learner receives when a self-reflection question is selected [Colour
figure can be viewed at wileyonlinelibrary.com]
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Does performance in the experimental conditions develop differ-

ently from the performance of the control condition for the complex skill

of information literacy?

• TR condition has improved performance for information literacy

over the control condition (H1a)

• VERS-condition has improved performance for information literacy

over the control condition (H2a).

• VERS condition performed differently for information literacy than

the TR condition (H3a).

Does performance in the experimental conditions develop differ-

ently from the performance of the control condition for the complex skill

of collaboration?

• TR condition has improved performance for collaboration over the

control condition (H1b).

• VERS-condition has improved performance for collaboration than

the control condition is undecided (H2b).

• VERS condition performed differently for information literacy than

the TR condition

(H3b).

Does performance in the experimental conditions develop differ-

ently from the performance of the control condition for the complex skill

of oral presentation?

• TR condition has improved performance for oral presentation over

the control condition (H1c).

• VERS-condition has improved performance for oral presentation

over the control condition (H2c).

• Whether the VERS condition has improved performance for oral

presentation over the TR condition (H3c).

The stated assumptions are investigated from two viewpoints.

First, taking only expert-assessment of a learners' performance into

account. Second, taking self, peer, and expert assessment scores into

account.

3 | METHOD

3.1 | Participants

The learners (n = 153) were a convenience sample of six existing bilin-

gual 1st-year classes from two Dutch schools for higher general sec-

ondary and pre-university (gymnasium) education (80 female, 73

males; M = 12.48 years, SD = 0.53; range: 12–13 years). All classes

were made up of learners who received a combined general higher

secondary/pre-university advice when finishing primary education.

Two schools assigned a total of six existing bilingual classes to the

experiment for 24 weeks. One class per school worked within the tool

in a VERS condition (n = 49); one class per school worked within the

tool in a TR condition (n = 54); one class per school worked without

the tool (which is how the three skills previously were taught and

practiced) within the control condition (n = 50). Two learners from the

control condition of school two were excluded as they indicated that

they did not want to participate in the study.

3.2 | Design

The study was a between-groups, independent measures design. The

performance of three groups (VERS, TR, control) was assessed three

times over 24 weeks (T1 = 0 weeks, T2 = 12 weeks, T3 = 24 weeks).

The experimental conditions used the (VERS or TR) version of the

Viewbrics online tool. The control condition used the existing forma-

tive assessment of their standard curriculum, consisting of teacher

feedback based on a current rubric and tips/tops formulated by peers.

Tips consist of short feedback that identifies elements of performance

that can be improved. Tops are brief feedback identifying the

strengths of a performance. The control condition did not receive the

Viewbrics online tool. However, the control condition teachers did

use the Viewbrics online tool to assess the learner control condition

in an equal manner to the VER and TR conditions.

3.2.1 | Setting

Both schools' standard curriculum offered 3 h of project-based educa-

tion per week from week 1 to week 12 (project1), and from week 12 to

week 24 (project2). The control, TR, and VER conditions of the same

school received identical projects. School 1 provided the projects in the

subject of Humanity and Nature (Mens en Natuur). Project 1 regarded

the theme of nourishment, while project 2 regarded the theme of

energy. School 2 provided the projects in the subject of scientific train-

ing and formation. Project 1 looked at the theme of sustainability, and

project 2 on the topic of happiness. The substance and complexity of

project 2 were identical to project 1, apart from the theme change

(school 1 introduces energy; school 2 introduces happiness).

School 1 selected two existing classes of bilingual Higher General

Secondary Education/pre-university education (HAVO-VWO) for the TR

and VERS condition and a current Gymnasium class for the control condi-

tion. School 2 selected three existing classes of bilingual Higher General

Secondary Education/pre-university education (HAVO-VWO) for the TR,

VERS, and control conditions. The complex skills of information literacy,

collaboration, and oral presentation are expert-, peer, and self-assessed in

this project. All conditions continued the standard curriculum, whereas

the VERS and TR conditions used the Viewbrics online formative assess-

ment tool instead of the FA from the standard curriculum.

3.3 | Materials

The study materials comprised two introductory workshops (one for

teachers and one for learners) and a usability-tested Viewbrics online
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tool. To measure performance, ecologically validated rubrics, with a

scale of four mastery level descriptions for each constituent subskill of a

complex skill, were used. These rubrics for the three skills (presentation,

collaboration, and information literacy) are integrated into the Viewbrics

online tool and its underlying feedback-and reflection methodology.

3.3.1 | Introductory workshops

Some weeks before the introductory workshops, teachers were asked

to describe their school curriculum. We took his description as input

for harmonizing/synchronizing the project-based curricula of both

schools (school one and school 2) for the experiment.

The teachers received the introductory workshop described in

the material section about a month before the experiment started. In

this introductory workshop, the Viewbrics-assessment methodology

and practical use of the Viewbrics application, including guidance on

the learners' enrollment into the Viewbrics online tool, were explained

to them by project members of the Viewbrics-project. In particular,

the workshop described the general setup of the Viewbrics-study and

the critical practical constraints to maintain during their project-based

education. For example, all three conditions should be as equal as pos-

sible across schools; the creation of subgroups for collaborative

assignments (comparable in size and gender distribution) and week

planning (the number of weeks the learners used the Viewbrics online

tool between assessments is kept equal, also taking vacations and

exams into account). Peer assessment processes and the formation of

peer groups were kept equal across classes and schools. For example,

all peers in the class submit an assessment for the presentation of a

learner. Three peers provide an assessment for collaboration, and one

peer assesses information literacy.

Additionally, teachers also assess learners' performance. During

the final part of this workshop, teachers received all necessary

informed consent forms for recruiting participants. The ethics commit-

tee approved the informed consent procedure of the authors' institu-

tion. All teachers wrote a similar accompanying letter that provided

context to the informed consent forms. Parents and learners of all six

chosen classes received their school-specific letter and informed con-

sent forms and were asked to return signed consent forms. Partici-

pants were not compensated.

Learners from the experimental conditions received an introduc-

tory workshop for using the Viewbrics online tool. Project members

of the Viewbrics project explained the Viewbrics formative assess-

ment methodology and introduced quality criteria to provide good

quality peer feedback to each other. These guidelines were also given

to learners in the control condition.

3.3.2 | Measuring performance

To determine whether the Viewbrics online tool fosters the mastery

of complex skills, we implemented expert, peer, and self-assessment

of learners via validated rubrics for collaboration, information literacy,

and oral presentation. The (peer. self and expert) assessments mea-

sure the entirety of the complex skill, respecting the subskills' interre-

lated nature. The validated rubrics used in all conditions are advanced

in nature, addressing fragmentary, dynamic, and contextual informa-

tion in detail. Kerkhoffs et al. (2006) developed the collaboration and

information literacy rubric for the Dutch National Expertise Centre for

Curriculum Development (SLO) in the Combo project. The rubrics

used in the Viewbrics online tool were partly based on the Combo

project rubrics because they were written for Dutch pre-university

learners and validated. The final collaboration rubric consists of the

following sub-skills: distribute roles, makes the schedule, guards

schedule, correct each other, protect self-interest, communicates, com-

municates tasks, gives feedback, process feedback, values differences,

asks for help, gives help, shows interest, invests in the team, encourages

team, shares information, takes the initiative, active contributor. The

final information literacy rubric consists of the following sub-skills: con-

firms task, explores the subject, defines the subject, formulates ques-

tions, defines search queries, combines search queries, searches

efficiently, evaluates search results, saves information, scans search

results, processes information, presents results, reflects on the process,

evaluates final product. van Ginkel et al. (2015) developed the oral pre-

sentation rubric for Dutch higher education. Van Ginkel et al.'s oral pre-

sentation rubric was further refined towards pre-university education.

The final oral presenting rubric consists of the following sub-skills:

chooses a subject, gives an introduction, builds presentation, uses infor-

mation, uses image and sound, provides summary and conclusion, uses

vernacular, uses voice, uses body language, presentation fitting for the

audience, interacts with the audience. Students, teachers, and

researchers were involved in iterative revisions of all three rubrics to

ensure the learner-understandable, detailed textual description of four

complex skill mastery levels in an ecologically valid rubric (Ackermans

et al., 2017). The final ecologically validated versions of the collabora-

tion, oral presentation, and information literacy rubrics were embedded

in the Viewbrics online tool used in this study.

3.3.3 | Using the Viewbrics online tool

The Viewbrics online tool runs on a tablet, desktop, or portable com-

puter. It provides formative assessment, feedback, and reflection sup-

port by guiding the learner through the five following steps of a

reflection cycle. The TR version lacks video modelling examples (with

embedded self-explanation prompts) of the tool's VERS version. An

example of this difference can be found in Figure 3.

First, learners watch VERS with video-modelling examples and self-

explanation prompts in the Viewbrics online tool. The learners watch

the complete video and process the video modelling examples using

questions linking the video to the highest performance level description

of a sub-skill in the rubrics (depicted in Figure 1). Learners then proceed

to the page to watch the video modelling examples in fragments associ-

ated with a sub-skill and review the complete video. Second, learners

go ‘into the real world’ to practice a skill in the context a teacher pro-

vided them with (e.g., project-or problem-based learning activities) and
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the impression of skilled behaviour they formed by looking at the VERS.

Third, learners self-assess their performance using the rubrics in a

Viewbrics online tool (depicted in Figure 2). A rubric describes each

sub-skill with four performance level descriptors. Rubrics are organized

in skills clusters and sub-skills (illustrated in Figure 3).

After completing the self-assessment, learners can look at the

360-degree feedback of peers and the teacher (who assess a learners'

performance while practicing by scoring the rubrics and providing tips

and tops per skills cluster). Fourth, a ‘skill performance feedback

wheel’ visualizes the feedback provided by peers and teachers

(as seen in Figure 4). The skill performance feedback wheel represents

the learners' performance score on the sub-skills of a complex skill

in blue. The visualization allows learners to see what skills they

may still improve and what skills went well. The skill performance

feedback wheel visualizes growth or shrinkage between assess-

ment moments in performance levels highlights (red for decrease,

green for growth), and the top three skills that went either well or

less well are illustrated below the wheel. The skill feedback wheel

was developed with students and teachers through several graphi-

cal iterations (Rusman et al., 2019). All provided tips and tops by

peers are summarized in a feedback report by the Viewbrics online

tool. Students analyse this information, determine what went well

and what sub-skills may still need improvement. Finally, learners

describe their learning objectives in the online tool based on their

analysis to learn where to focus during their next practice session.

This information becomes part of their formative assessment

report of one specific assessment moment (Ackermans, Rusman,

Brand-Gruwel, & Specht, 2019).

A general walkthrough of the self-assessment in the learner inter-

face (TR) is found at this Vimeo link, the learner interface (VER) with

peer feedback is found at this Vimeo link, and a general walkthrough

of creating an activity and expert assessing a learner in the teacher

interface is found at this Vimeo link. The complete rubrics can be

viewed and compared in these Vimeo links in the context in which

F IGURE 2 This image shows the four performance level descriptors from left (best) to the right (most possibilities for improvement) [Colour
figure can be viewed at wileyonlinelibrary.com]

F IGURE 3 The image on the left illustrates the TR version of the Viewbrics online tool, whereas the image on the right shows the VERS
version of the Viewbrics online tool. The skill of information literacy is selected from a drop-down menu, and the skill cluster ‘searching’ is
displaying its five sub-skills (pink). The TR version shows the textual description found in the highest performance level of the textual analytic
rubric. In contrast, the VERS version offers the same text supported with a video fragment illustrating the appropriate sub-skill [Colour figure can
be viewed at wileyonlinelibrary.com]
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they are presented to the TR and VER conditions. The text of the

rubrics does not differ between conditions. The Viewbrics tool logs

the frequency of interaction with the videos in the VERS version as a

count variable (using timestamps of an interaction).

3.4 | Procedure

All conditions started up their projects according to their school's stan-

dard curriculum. The TR and VERS condition received access to the TR

and VERS version of the Viewbrics online tool in addition to the standard

curriculum. The Viewbrics online tool guided the learner through the

steps of the formative assessment and reflection cycle of the Viewbrics

methodology. Project 1 was finalized after all oral presentations of the

collaborative projects (weeks 10–11) were completed. Project 2 was fin-

ished in week 24 after all oral presentations of the joint projects (weeks

22–23) were completed. Each learner completed two formative assess-

ment cycles (project 1 and project 2) for each of the three complex skills.

The teachers ensured that all participants in all conditions completed all

formative assessment cycles regarding projects 1 and 2. The participants

invested seven out of the 12 weeks on each project. Three of the

12 weeks accommodate vacations, exams, and staff meetings. Two

weeks were required to complete all oral presentations.

3.5 | Analysis

To answer the research questions of this study, we must establish if

there is a difference between the growth in performance over time

between the experimental conditions and the control condition (ques-

tion 1) and between the VERS condition and the TR condition (ques-

tion 2). We test the hypotheses from two viewpoints. First, taking

only expert-assessment into account. Second, taking combined self,

peer, and expert assessment into account.

3.5.1 | Data exploration

An exploration of our dataset in Table 1 suggests we are analysing a

complex non-normal distribution. A Bayesian multilevel model takes

complex dependencies within and between clusters into account, assum-

ing that individuals of different conditions have different response pro-

cesses and other relationships between variables. Therefore, the data do

not have to be normally distributed for a Bayesian multilevel model. The

non-normal distribution also means we will not run a multivariate analy-

sis as we cannot assume multivariate normality (Korkmaz et al., 2014).

Bayesian multilevel modelling allows us to use the incomplete sequential

data of 42 learners in our dataset (Bryk & Raudenbush, 1989).

F IGURE 4 Viewbrics-tool. The image to the left shows a dashboard of a learners' first performance of information literacy in blue segments.
The image to the right shows this same learners' progress (the second performance compared to the first performance). The second performance
shows added green (improvement) and red (deterioration) segments and the learners' goal after reflection (depicted as a bulls-eye). Peer-feedback
is based on the mean rubric scores and summarized next to the emoticons [Colour figure can be viewed at wileyonlinelibrary.com]
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In conclusion, Bayesian multilevel modelling enables us to analyse our

dataset with more accuracy (Gelman et al., 2014; Krueger & Tian, 2004).

3.5.2 | Multilevel modelling

Bayesian multilevel modelling uses Markov Chain Monte Carlo

(MCMC) algorithms for the analysis by default. Such MCMC algo-

rithms are a good solution for getting an accurate estimation of our

dataset, given its complexities. Technological advancements of the

past 20 years brought the computational programs needed to perform

these MCMC algorithms. In MCMC algorithms, the expected response

of a learner at a given time depends on the associated covariates and

past outcomes (Zeger & Qaqish, 1988). This means we assume the

serial performance measurements in our study are likely dependent.

Bayesian multilevel modelling leads to better and more conservative

estimates of our performance dataset (Bryk & Raudenbush, 1989).

The formula we use for multilevel modelling is a Bayesian Gauss-

ian regression, as shown in Figure 5. The formula states we have non-

linear growth of complex skill performance (1) for the univariate out-

come variables information literacy, collaboration, or oral presentation

performance (2) in a multilevel (learners nested in conditions

[3]) regression analysis (the growth of experimental conditions over

time as opposed to the control condition). As we can assume, mental

model quality, condition, school, sex, time, and interaction with the

Viewbrics online tool may have an impact on the learner's academic

and behavioural characteristics; these are taken into account as vari-

ables (4) (Goldstein & Spiegelhalter, 1996). Variables concerning the

frequency and duration of video use were omitted because they did

not add reliability to the model. Because standard errors and standard

deviation vary in our dataset, we assume that both the intercept and

the effect of the experimental conditions vary across learners (5) in

the population in pursuit of accurate results. These variables create

the following formula.

We use the Bayesian Regression Models (BRMS version 2.8.0)

package in RStudio version 1.2.1335 with the probabilistic program-

ming language Stan in the background (Bürkner, 2017; Carpenter

et al., 2017). Before we run the analysis and get the posterior distribu-

tion from which we can deduce the results, it is essential to imagine a

reasonable distribution of these results. We set priors based on the

range of scoring for this study, ranging from a minimum of 0 to a max-

imum of 30. The length of the Markov chains is set to 52.000

iterations to see if it reached a stable estimation of the posterior dis-

tribution (2,000 warmup iterations, 50.000 post-burn-in iterations).

The resulting posterior distribution is checked for stability and accu-

racy before testing our hypothesis using the test for practical equiva-

lence (TPE) (Kruschke, 2018).

3.5.3 | Model stability and accuracy

Posterior checks show the distributions for information literacy, col-

laboration, and oral presentation to be a good fit. A sensitivity analysis

found that results remained almost identical (with relative deviation

levels less than 1%) when tested with different parameter settings.

We conducted our experiment in the classroom under ecologically

valid conditions. Classroom conditions inherently introduce uncer-

tainty in our analysis. Bayesian Regression Model analysis allows us to

quantify the effect of this uncertainty on the explained variance (r2).

Mental model quality, condition, school, sex, time, and interaction

with the Viewbrics online tool enable our analysis to account for

67 to 78% of the variance in the data. The variance for information lit-

eracy can be better explained (71%) than the variance for collabora-

tion (67%) or oral presentation (78%). This variance is a reasonable

outcome because the development of collaboration and oral presenta-

tion receives more attention in Dutch primary education compared to

information literacy, increasing the unaccounted variance. We

ensured the criteria for an accurate BRMS analysis are met using

TABLE 1 Test of normality for
moment 1 and 2 (Shapiro–Wilk) Moment 1

Moment 2

School W P W P

Collaboration School0 0.962 0.009 0.955 0.003

School1 0.872 <0.001 0.948 0.003

Oral presentation School0 0.956 0.005 0.946 0.001

School1 0.887 <0.001 0.864 < 0.001

Information literacy School0 0.986 0.427 0.944 < 0.001

School1 0.893 <0.001 0.867 < 0.001

Note: Significant results suggest a deviation from normality.

F IGURE 5 The BRMS formula is used for our multilevel model [Colour figure can be viewed at wileyonlinelibrary.com]
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Depaoli and van de Schoot's (2017) 10 point checklist. The dataset,

additional checks, and BRMS syntax are available on the Open Sci-

ence Framework at this link (removed for review).

3.5.4 | Hypothesis testing

For decisions concerning our hypothesis, we used the TPE decision

rule (Kruschke, 2018; Lüdecke, 2018). The TPE is used in sequential

testing (we have two sequential measurements (week 12, week 24)

as it is less likely to reject the null hypothesis falsely than other

methods of hypothesis testing. The TPE also means we are more

conservative in accepting our hypotheses. The TPE works by com-

puting the highest density interval (HDI) based on the posterior dis-

tribution given by BRMS using our formula (Figure 6). The HDI is

more accurate than a confidence interval as it guarantees that 95%

of the values will lie in this interval (Kruschke, 2018). TPE then

computes a region of practical equivalence (ROPE) for information

literacy, collaboration, and presentation and calculates the percent-

age of the posterior distribution in the ROPE (Figures 7, 8, and 9

illiterate the ROPE in blue). Based on this percentage, the TPE

decides if a hypothesis should be accepted, undecided, or rejected

against a null hypothesis (the experimental conditions are equal to

the control condition).

4 | RESULTS

Table 2 presents the descriptive statistics of the expert assessments

of all complex skills at moment 1. Table 3 shows the descriptive statis-

tics of the expert assessments of all complex skills at moment 1.

We provide further insight into the results (HDI) of our multilevel

model in two ways. First, the results of our multilevel models are used

for hypothesis decisions by the TPE. Second, generalized linear

models illustrate the development in performance over time and per

condition in Figures 7, 9, and 10. The hypotheses are tested using

only expert assessment, as the control condition also just received an

expert assessment. Results based on the combined peer, self, and

expert are added to illustrate the accuracy of peer- and self-

assessment based on the Viewbrics project rubrics.

Does performance in the experimental conditions develop dif-

ferently from the performance of the control condition for the com-

plex skill of information literacy?

To accept our hypotheses, the HDI of the TR or VERS condition

must lie outside the ROPE limits set by the TPE, as illustrated in

Table 4 and Figure 6.

Within the TR condition, there is a 95% probability that the learner

performed between 3.21 and 5.54 points above ROPE. This distribution

lies outside the ROPE. Therefore, we accept the hypothesis of whether

the TR condition has improved performance for information literacy

over the control condition (H1a). For the VERS condition, there is a

95% probability that a learner performed between 3.77 and 6.58 points

above ROPE. This distribution lies outside the ROPE. Therefore, we

accept the hypothesis that the VERS-condition has improved perfor-

mance for information literacy over the control condition (H2a). The

VERS condition lies for 70.21% within the TR condition. Therefore, it is

undecided whether the VERS condition performed differently for infor-

mation literacy than the TR condition (H3a). With regards to the vari-

able of school, there is a 95% probability that a learner of school

2 performed between −0.46 and 1.61 points above school 1. This result

means the performance of school 2's participants is practically equiva-

lent to school 1.

F IGURE 6 The hypothesis decisions made by the test for practical equivalence for the complex skill of information literacy. The image to the
left shows the hypothesis decision based on the expert assessed performance of information literacy. The image to the right shows the decision
based on the combined self, peer, and expert-assessed performance of information literacy. A visual representation of the ROPE is shown in the
blue, the accepted hypothesis in the green, and the undecided hypothesis in grey. There are no rejected hypotheses (in red) [Colour figure can be
viewed at wileyonlinelibrary.com]
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Does performance in the experimental conditions develop

differently from the performance of the control condition for the

complex skill of collaboration?

To accept our hypotheses, the HDI of the TR or VERS condition

must lie outside the ROPE limits set by the TPE [−0.52, 0.52], as illus-

trated in Table 5 and Figure 8. Within the TR condition, there is a

95% probability that the learner performed between 2.24 and 5.24

points above ROPE. This distribution lies outside the ROPE.

Therefore, we accept the hypothesis of whether the TR condition has

improved performance for collaboration over the control condition

(H1b). For the VERS condition, there is a 95% probability that a

learner performed between 0.11 and 3.53 points above ROPE. This

distribution lies for 4.47% within the ROPE. Therefore, the hypothesis

that the VERS-condition has improved performance for collaboration

than the control condition is undecided (H2b). The VERS condition lies

for 30.12% within the TR condition. Therefore, it is undecided

F IGURE 8 A visual representation of the hypothesis decisions made by the test for practical equivalence for the expert assessments of the
complex skill of collaboration. The image to the left shows the hypothesis decision based on the expert assessed performance of collaboration.

The image to the right shows the decision based on the combined self, peer, and expert-assessed performance of collaboration. The ROPE is
shown in the blue, the accepted hypothesis in the green, and the undecided hypothesis in grey. There are no rejected hypotheses (in red) [Colour
figure can be viewed at wileyonlinelibrary.com]

F IGURE 7 The image to the left shows the development of the expert assessed performance of information literacy over time. The image to
the right shows the combined self, peer, and expert- assessed development of the performance of information literacy over time [Colour figure
can be viewed at wileyonlinelibrary.com]
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whether the VERS condition performed differently for collaboration

than the TR condition (H3b). With regards to the variable of school,

there is a 95% probability that a learner of school 2 performed

between −1.93 and 0.71 points above school 1. This result means the

performance of school 2's participants is practically equivalent to

school 1.

Does performance in the experimental conditions develop dif-

ferently from the performance of the control condition for the com-

plex skill of oral presentation?

To accept our hypotheses, the HDI of the TR or VERS condition

must lie outside the ROPE limits set by the TPE [−0.62, 0.62], as illus-

trated in Table 6 and Figure 11. Within the TR condition, there is a

95% probability that the learner performed between 7.38 and 10.34

points above ROPE. This distribution lies outside the ROPE. There-

fore, we accept the hypothesis of whether the TR condition has

improved performance for oral presentation over the control condi-

tion (H1c). For the VERS condition, there is a 95% probability that a

learner performed between 5.17 and 8.77 points above ROPE. This

distribution lies outside the ROPE. Therefore, we accept the hypothe-

sis of whether the VERS-condition has improved performance for oral

presentation over the control condition (H2c). The VERS condition is

32.03% equal within the TR condition. Therefore, we reject the

hypothesis of whether the VERS condition has improved performance

for oral presentation over the TR condition (H3c). With regards to the

variable of school, there is a 95% probability that a learner of school

2 performed between −2.78 and 0.20 points above school 1. This

result means the performance of school 2's participants is practically

equivalent to school 1.

5 | CONCLUSION

This study set out to investigate whether a VER within a formative

assessment methodology for learning complex generic skills positively

affects secondary school learners' performance on information liter-

acy, collaboration, and oral presentation skills. We studied the devel-

opment of learners' performance for complex generic skills using a

three condition within-subjects design using formative peer, self, and

expert assessment over 24 weeks. Although we found learners in

both the textual analytic rubric and VER condition consistently out-

perform the control condition for every complex skill (question 1), the

difference between the textual analytic rubric and VER conditions

remains undecided (question 2). Two possible explanations for the dif-

ference between control and experimental conditions stand to reason.

First, the additional self-and peer assessment cycle that learners in

the textual analytic rubric and VER condition complete fosters higher

performance than the control condition. Second, the control group

did not receive the guided reflection built into the Viewbrics online

tool (Tai et al., 2017). The performance of the complex skill of collabo-

ration shows a decline over time in the control group. One possible

explanation is that using the Viewbrics online tool (by the textual ana-

lytic rubric and VER conditions) supported the skill of collaboration—

our efforts to limit the differences between schools were effective.

School 2 resembles school 1 in varying degrees across skills.

This study contributes to the fields of multimedia learning and

formative assessment. This study shows the added value of the

Viewbrics online tool to formative assessment and the mastery of

complex generic skills. We have demonstrated that the Viewbrics

F IGURE 9 The image to the left shows the development of the expert-assessed performance of collaboration over time. The image to the
right shows the development of combined self, peer, and expert-assessed performance of collaboration over time [Colour figure can be viewed at
wileyonlinelibrary.com]
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online tool is an effective way of learning complex skills in pre-

university education. The learner has gained insight and ownership of

their formative assessment cycle through the Viewbrics online tool,

resulting in improved performance over the control condition.

However, the VERS condition did not prove to be more effective

than the textual rubric version of the Viewbrics online tool during this

study's limited time. This study's novelty is the practical application of

complex skills supporting multimedia in educational practice

(i.e., instruction). The Viewbrics online tool combined video modelling

examples, rubrics, and formative assessment methodology into a single

application. While the use of multimedia learning on complex skill devel-

opment is explored by van Merriënboer and Kester (2005) on a

TABLE 2 The descriptive statistics of moment 1

Collaboration Oral presentation Information literacy

Control TR VERS Control TR VERS Control TR VERS

Mean 15.823 16.567 15.462 12.072 20.61 19.521 13.094 16.63 17.183

Std. Deviation 5.117 2.984 2.349 3.802 4.744 5.266 4.050 3.327 2.724

Skewness −0.608 0.088 −0.141 0.449 −0.02 −0.864 0.541 −0.78 −0.381

Kurtosis 1.021 1.259 −1.152 3.220 0.333 2.830 3.253 0.264 −0.890

TABLE 3 The descriptive statistics of moment 2

Collaboration Oral presentation Information literacy

Control TR VERS Control TR VERS Control TR VERS

Mean 14.290 21.024 18.659 14.122 23.34 20.484 14.452 20.54 18.996

Std. Deviation 5.177 6.023 5.751 4.286 4.262 6.646 4.069 3.458 3.961

Skewness 0.051 −0.589 −0.342 −0.023 −0.12 −0.347 −0.133 0.227 0.058

Kurtosis 0.250 1.091 1.154 0.638 0.526 2.941 0.086 −0.51 −0.564

TABLE 4 Test for practical equivalence for the complex skill of information literacy

Term H Expert % in ROPE Expert HDI (95%) Combined % in ROPE Combined HDI (95%)

TR condition accept 0.0% 3.21–5.54 0.0% 3.83–6.38

VERS condition accept 0.0% 3.77–6.58 0.0% 4.93–8.27

School undecided 38.42% −0.46– 1.61 53.88% −0.86 – 1.49

Note: Effect Size: 0.10; Expert ROPE: −0.44 – 0.44; Combined ROPE: −0.47–0.47.

F IGURE 10 The image to the left shows the development of the expert-assessed performance of oral presentation over time. The image to
the right shows the combined self, peer, and expert-assessed development of the performance of oral presentation over time [Colour figure can
be viewed at wileyonlinelibrary.com]
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theoretical level, the practical implementation of multimedia to foster

complex skills carries a well-documented risk of overwhelming the learner

(Gary & Wood, 2011). Our results show both experimental conditions

consistently outperforming the control condition to varying degrees

across skills. Increased performance does not suggest the participants

were overwhelmed. Positive results across different complex skills indi-

cate the Viewbrics online tool can be used to support the development

of a wide range of complex skills in secondary education.

6 | LIMITATIONS AND FUTURE RESEARCH

We cannot control all variables because our study took place in edu-

cational practice. Due to this limitation, we cannot explain why the

results of experimental conditions differ only slightly per condition

and between expert and combined peer, self, and expert-assessment.

We could not accommodate the estimated 500 h needed to

develop a complex skill and reap the benefits of the Viewbrics online

tool in this study (Janssen-Noordman & Van Merriënboer, 2002).

Therefore, the effectiveness of the Viewbrics online tool may be

affected by a limited 48 hours of use by learners in this study

(16 lessons × 3 h). We suggest future research may benefit from an

integration of the Viewbrics online tool in the school's curriculum dur-

ing an extended period, such as an entire school year. Such integration

may help to embed the formative cycle of learning in the learner's

long-term learning strategy while increasing contact time with the

tool. Inclusion on a curriculum level may also ease broadening the use

of the Viewbrics online tool to another complex (21st century) skill.

TABLE 5 Test for practical equivalence for the complex skill of collaboration

Term H0 Expert % in ROPE Expert HDI (95%) Combined % in ROPE Combined HDI (95%)

TR condition accept 0.0% 2.24–5.24 0.0% 3.01–5.94

VERS condition accept 4.47% 0.11–3.53 0.0% 2.73–6.04

School undecided 41.99% −1.93–0.71 46.47% −0.76–1.60

Note: Effect Size: 0.10; Expert ROPE: −0.52–0.52; Combined ROPE: −0.45–0.45.

TABLE 6 Test for practical equivalence for the complex skill of oral presentation

Term H0 Expert % in ROPE Expert HDI (95%) Combined % in ROPE Combined HDI (95%)

TR condition accept 0.0% 7.38–10.34 0.0% 5.06–7.49

VERS condition accept 0.0% 5.17–8.77 0.0% 5.06–7.70

School undecided 7.12% −2.78 – 0.20 37.95% 0.36–2.06

Note: Effect Size: 0.10; Expert ROPE: −0.62–0.62; Combined ROPE: −0.43–0.43.

F IGURE 11 A visual representation of the hypothesis decisions made by the test for practical equivalence for the expert assessments of the
complex skill of oral presentation. The image to the left shows the hypothesis decision based on the expert assessed performance of the oral
presentation. The image to the right shows the decision based on the combined self, peer, and expert-assessed performance of the oral
presentation. The ROPE is shown in the blue, the accepted hypothesis in the green, and the grey undecided hypothesis. There are no rejected
hypotheses (in red) [Colour figure can be viewed at wileyonlinelibrary.com]
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We will focus future research on two more aspects of the

Viewbrics project. First, the effect of the Viewbrics online tool on

feedback quality. Investigating the quality of feedback given by

learners of the TR version as opposed to the VERS version of the

Viewbrics online tool. Second, the broad experience, usability, and

impact of implementing the Viewbrics study on learners and teachers.
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