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ABSTRACT 

Virtual learning environments (VLEs) have been popular data sources in the field of 

learning analytics to investigate student performance. Earlier studies have focused very little 

on secondary vocational education and did often not build upon learning sciences. Moreover, 

findings may differ strongly due to contexts and VLE designs, although initial performance 

has been found to have a strong effect on end performance. This implies that weaker students 

are more in need of VLE benefits from the start. 

Assessment through practice testing is a common and actionable VLE instrument that 

has educationally grounded benefits for learning, and regular assessment is expected to 

enhance these benefits. This study investigated the benefits of regular assessment and the 

influence of initial performance for one VLE course across multiple institutions within 

secondary vocational education (SVE). 

Unexpectedly, the three difficulty levels within the VLE turned out to be 

ungeneralizable. Positive effects of assessment on performance were present, although not 

consistently across the levels. Regularity of assessment did not seem to have an influence on 

performance. Initial  performance had a direct effect on performance and low initial 

performance tended to influence  regular assessment only at the highest course level. Overall 

findings were discussed and recommendations were proposed to improve technology-

enhanced learning and its research in SVE. 
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1 Introduction 

Technology-enhanced learning has widely been adopted in education. Virtual learning 

Environments (VLEs) enable teachers to spend their time more efficiently due to automation 

and offer students additional learning tools. At the same time VLEs provide data of non-

experimental student activity that can be analyzed at a big scale to provide insight about the 

learning process, which is part of the relatively young field learning analytics (Ferguson, 

2012; Long, Siemens, Gráinne, & Gašević, 2011).  

Even though learning analytics covers learning in general, most studies have been 

conducted for higher education while secondary vocational education (SVE) has been under-

represented. SVE has a practical orientation which may explain little VLE usage and little 

data to study accordingly. Nevertheless, differences between students of higher education and 

SVE make it relevant to investigate whether found VLE benefits on learning are portable to 

SVE if it regards similar (theoretical) subjects. This study investigated a VLE mathematics 

course in SVE by building upon higher education findings.   

First, this study focused on practice testing assessment and its temporal distribution. 

VLE studies have often been driven by the available data and have been little related to actual 

learning sciences (Marzouk et al., 2016) . An important aspect that has been neglected is the 

student’s self-regulated learning (SRL). SRL is a broad concept that covers motivation, 

reflection and effective change of one’s own learning activity (Zimmerman, 2002). Practice 

testing assessment has been found to motivate students, increase learning directly through the 

testing effect and indirectly through improved SRL (Roediger, Putnam, & Smith, 2011). 

Regularity of VLE assessment is expected to increase learning quality (Holmes, 2018). 

Moreover, both aspects are found to be more effective in many contexts and relatively easy to 

implement (Dunlosky, Rawson, Marsh, Nathan, & Willingham, 2013). 

Second, this study tested the effects of VLE assessment submission and its temporal 

distribution separately. In line with the potential benefits, regular assessment has been found 

to increase student performance (Angus & Watson, 2009) but did not separately measure the 

effects of assessment and regularity. Performance prediction studies have measured the 

effects of assessment and regular study separately, but have resulted in incoherent findings 

that were partly explained by different VLE course and instructional designs (Gašević, 

Dawson, Rogers, & Gasevic, 2016).Therefore, this study investigated whether these effects 
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were present within one VLE course across multiple institutions and unknown learning 

contexts, leading to more generalizable results of assessment effects.   

Third, this study measured the differences of effects between initially “weaker” and 

“stronger” students. Prior performance has been consistently found to strongly determine end 

performance (Conijn, Snijders, Kleingeld, & Matzat, 2017). As weaker students are more 

likely to have worse SRL (Hartwig & Dunlosky, 2012) and assessment may increase SRL, it 

is valuable to investigate whether especially weaker students benefit from VLE assessments 

and assessment regularity.  

The following research questions were answered: Do VLE practice testing assessment 

and regular assessment of SVE students increase end test performance across unknown 

learning contexts? What is the effect of initial performance? Do assessment and regularity 

effects differ between initially weaker and stronger students?  

The report is structured as follows. First, the learning analytics field is introduced, the 

potential assessment benefits for learning are described and the hypotheses are stated 

accordingly. Second, the methods section covers the student sample, the VLE course design, 

the construction of the VLE metrics and the analysis that was conducted to test the 

hypotheses. Third, the results are presented which consist of the descriptive results, testing of 

the hypotheses and additional findings. Last, the insights, limitations and next research 

directions are discussed.  

The results turned out to be different across the difficulty levels within the VLE 

course. Only initial performance was found to have a consistent effect on end performance. 

Support for positive assessment was inconsistent while assessment regularity seemed to only 

be beneficial for weaker students at the highest level. However, most effects were not 

significant due to a high variety in effects between observations. The variety of the ways in 

which the VLE is used may provide future insights. Moreover, both the learning analytics 

field and education may benefit from implementation of tools that measure and stimulate SRL 

simultaneously.  
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2 Learning analytics and related research for the hypotheses 

First, the scope and challenges of the learning analytics field are introduced. This 

preludes the need for research in SVE and the need to take educational theory and VLE 

course design into account. Second, it is argued why assessment and temporal aspects are 

appropriate to focus a VLE study on. Third, three more sections cover the potential benefits of 

assessment as found in higher education. These are the effects of practice testing assessment, 

assessment regularity and initial performance respectively. The hypotheses are stated at the 

end of each subsection. 

 

2.1 Scope and educational value of learning analytics 

Initially, learning analytics was introduced in 2011 with the international Learning 

Analytics & Knowledge conference and driven by online learning, big data and the 

requirement by governments to find and validate techniques to improve educational learning 

(Baker & Inventado, 2014; Ferguson, 2012; Long et al., 2011) and available data and analyses 

methods from computer science and business intelligence (Baker & Inventado, 2014).  

Learning analytics is closely related to educational data mining. While educational data 

mining focuses on computer science techniques (Bienkowski, Feng, & Means, 2012; Dawson 

& Siemens, 2014), learning analytics focuses more on the application of these or statistical 

techniques in order to gather practical insights for education stakeholders (Romero & 

Ventura, 2013; Siemens & Baker, 2012) by increasing their awareness and task effectiveness 

(Scheffel, Drachsler, Stoyanov, & Specht, 2014).  

Avella et al. (2016) reviewed the learning analytics field’s directions and stated that all data is 

based on learners’ interactions with course content or social interactions with teachers and 

other learners. However, the types of data and analysis techniques vary widely, even for 

similar research questions (Avella et al., 2016; Nistor & Hernández-Garcíac, 2018).  This 

ranges from basic offline self-report measurements to Internet of Things sensor data analysis, 

where learning analytics meets the quantified-self principle of Swan (2012), or the quantified 

learner group. The ultimate goal of effective, personalized learning is mentioned by multiple 

overviewing studies (Avella et al., 2016; Ferguson, 2012; Nistor & Hernández-Garcíac, 2018; 

Pea, 2014). Before high-end goals can be reached through research, two more fundamental 

research issues are of interest. These are the under-representation of SVE and neglect of 

learning theory in the field of learning analytics.  
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2.1.1 LACK OF  VLE STUDIES FOR SECONDARY VOCATIONAL EDUCATION 

SVE focuses on practical professions and workplace assignments. Digital learning 

tools may have been more implemented for theoretical learning and therefore less adopted in 

SVE, such that no data was available to analyze in the first place. Nevertheless, the portability 

of higher education findings to theoretical learning in SVE can be questioned.  

First, theoretical courses may be perceived as less relevant or harder to improve upon 

by students. Second, enhanced learning may vary more strongly among SVE students due to 

larger interpersonal and cognitive differences (Alloway, Bibile, & Behavior, 2013; Slaats, 

Lodewijks, & van der Sanden, 1999), which is also due to the four sub-levels within SVE. 

Third, SVE students may be less independent learners since they receive more guidance 

during obligatory class hours, so there is less room to be externally “unregulated” (Slaats et 

al., 1999).  

Collaborative web based vocational education have been investigated across both 

online and blended courses (Inayat, Amin, Inayat, & Salim, 2013). Positive effects were 

found for collaborative e-learning and similar studies were mentioned that also investigated 

the benefits of social aspects in combination with digital tools for practical learning. Effects of 

assessments to improve theoretical learning were not investigated. Motivational and 

contextual aspects of assessment have been studied in vocational education based on 

interviews (Davies & Ecclestone, 2008). In this non-learning analytics study it was concluded 

that assessments are useful if they are perceived as a meaningful way to assess the application 

of theory.  

The current study did investigate a VLE mathematics course that was more related to 

theoretical courses in higher education than the above mentioned studies. Those studies may 

even be more useful because they focus on social aspects that play a big role in learning, but 

for a course like mathematics it is useful to investigate the value of automated assessment to 

reduce the dependency on adequate contextual aspects. In the Netherlands, all SVE students 

are required to master the conduction of (practical) calculations and have been tested by a 

national exam, while not all SVE schools have specific mathematics teachers available to 

guide students. Zwart, Van Luit, Noroozi, & Goei (2017) investigated the effect of a digital 

learning tool to improve performance in mathematics in the Dutch SVE system, but did not 

investigate separate effects of the tool and only 17 students were part of the study. These 

researchers mention the concern about the poor national exam performance. An unpublished 

study of the same VLE system as the current study, investigated if personal learning styles 

could be indicated by clustering (Corbet, 2018). The effect of learning style on student 
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performance was briefly mentioned as neglectable but (regular) assessments and performance 

were not the focus of the study. 

Therefore, the following theory is based on more related studies in higher education. 

Except for one study at middle school (McDaniel, Agarwal, Huelser, McDermott, & 

Roediger, 2011) and one for a company that offers online courses for adults (Jo, Kim, & 

Yoon, 2015), all related VLE studies were conducted at universities from Australia, Belgium, 

Canada, France, Greece, the Netherlands, South Korea, Sweden, the United Kingdom and the 

United States.   

 

2.1.2 LACK OF LEARNING THEORY AND PRACTICAL IMPLICATIONS 

 Institutions question the usefulness of learning analytics for their specific situation 

(Tsai & Gasevic, 2017) and miss more pedagogically informed suggestions as available 

systems that focus on indicating “at-risk” students (Ali, Asadi, Gašević, Jovanović, & Hatala, 

2013). However, teachers expressed their interest to get insight of the relation between 

learning tools and learning outcomes (Dyckhoff, 2011). Researchers also mentioned the 

underrepresentation of pedagogic value and a weak link with learning sciences, in which 

studies are more data-driven than theory-based (Ferguson, 2012; Gašević et al., 2015; Tsai & 

Gasevic, 2017; Woloshen et al., 2017). The data-driven approach has the potential risk that 

learning analytics implications lead to optimizations that do not improve the actual learning 

process (Clow, 2013). How the current study builds upon learning sciences is covered in 

section 2.2.  

 

2.1.3 LACK OF COURSE SPECIFIC VLE STUDIES ACROSS LEARNING CONTEXTS 

The weak link with learning sciences particularly applies to studies using VLEs. 

Despite the diversity of data sources, VLEs or Learning Management Systems (LMSs) are 

typical data sources for learning analytics because they offer scalable, quantitative data, 

available in a valid educational context. Compared to traditional courses, VLE courses are 

categorized as either fully online courses where no face-to-face interactions or guidance take 

place (e.g. massive online open courses) and blended courses where the VLE is utilized in 

parallel with face-to-face instruction sessions (Graham, 2006) (e.g. the course in this study). 

Cited studies about VLE courses in this study are blended except for a few exceptions for 

which it is mentioned specifically.  The drawback of common VLE data is that learner and 

contextual aspects are not captured in VLE data, especially not on a big scale (Dollinger, 
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Matyja, & Huber, 2008; Roll & Winne, 2015). The diversity of data-driven VLE 

measurements used (which lack learner and contextual aspects) resulted in a lack of 

theoretical grounding (Clow, 2013).  

More recently, Conijn et al. (2017) concluded the same about the incoherent study outcomes 

for the field of performance prediction. However, their study revealed a new insight regarding 

outcome incoherence. After comparing performance predictor metrics from multiple data 

sources between 17 blended courses within one institution and one LMS, the authors suspect 

the specific course design to influence the effect  of the performance predictors, except for 

intermediate test scores. The same change of predictive metric value across VLE courses was 

reported by Gašević et al. (2016). Therefore, it seems relevant to investigate the effects of 

VLE activity on performance for one course design across multiple institutions. This way, the 

course design cannot influence the effects within the sample, while the various educational 

contexts across institutions increases the validity and generalizability of the outcomes.  

The above indicated the relevance of the current study that was conducted for SVE and 

investigated one VLE mathematics course across institutions. The following section explains 

how this study relates to learning sciences by focusing on the effects of assessment.   

 

2.2 The relative value of assessment for student learning 

In order to establish a more educationally grounded VLE performance study that aims 

to provide actionable implications, it is appropriate to investigate assessment from the student 

perspective. Moreover, there seems to be relatively stronger support for benefits of 

assessment compared to other VLE activities.  

 

2.2.1 STUDENT MOTIVATION FOR ASSESSMENT 

Assessment plays a central role in education (Brown & Knight, 2012) and is strongly 

connected with learners’ motivation, activity and self-regulated learning compared to other 

commonly measured VLE aspects. In general, VLE learning tools are underutilized by 

students and adding more tools mostly does not increase usage nor performance (Lust, 2013). 

This is explained as students being active learning agents and do not passively nor 

automatically adopt tools they are provided with. This concept was introduced by Jonassen 

(1991) and related to SRL, but rarely taken into account in learning analytics studies (Roll & 

Winne, 2015).  
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Assessment prominently determines students’ effort for learning since this effort is 

most clearly invested in meeting (graded) learning requirements (Biggs & Tang, 2011; 

Donnison & Penn-Edwards, 2012; Gibbs, 2006; Rawson, 2000; Rust, O’Donovan, & Price, 

2005). If assessments are clearly linked with examination requirements they have a positive 

effect on learning and motivation (Bloxham & Boyd, 2007; Ellis, 2013; Hernández, 2012), 

while the effect is negative if this link is not perceived by students (Bol & Hacker, 2001). This 

potentially improves the learners’ experience (Biggs & Tang, 2011) and therefore engagement 

(Bridges, Hayek, Kinzie, Buckley, & Kuh, 2013). Frequent assessments also increased regular 

offline attendance for tutorial groups (Cole and Spence, 2012).   

Adequate computer-aided assessments have been found especially valuable to 

stimulate (online) learner activity and motivation through frequent testing and providing 

automated feedback, next to increased student performance (Holmes, 2015; Marriott & Lau, 

2008; Morphew, Mestre, Kang, Chang, & Fabry, 2018; Potter & Johnston, 2006; Wilson, 

Boyd, Chen, & Jamal, 2011).  

However, grades play an important and ambiguous role in this, regardless whether the 

assessment is focused on improved learning (formative assessment) or on (end) certification 

or ranking (summative assessment). In one study it was concluded that students only seriously 

engage with graded assessments (Rust, 2002). On the other hand, assessment can lose its 

motivational power if it usage is only to grade or rank students (Maclellan, 2001), it can lower 

self-esteem by social comparison and a focus on weaknesses (Gipps, 1994) and can trigger 

test anxiety (Cassady & Gridley, 2002). It is also plausible that feedback is ignored as a grade 

is provided or that feedback is only used to justify the grade (McDowell, Sambell, Bazin,  

2006.; M. Yorke, 2007). Thus the focus on grades diminishes the interest for what matters the 

most for the learning process: the reflection to improve upon the current learning status.  

For online assessments, the same conflict seems to apply and positive evidence has 

been found for both graded and non-graded assessment. Low stakes grading (2% per 

assessment) has been applied to formative assessment for its motivational power, and found to 

increase student performance in general (Angus & Watson, 2009; Holmes, 2018). 

However, in the study of Kibble (2007), completing one out of two non-graded online 

quizzes already increased student performance . Then, the study tested whether participation 

would increase if the same quizzes contributed to the final grade (from 0.5%-up to 2%). 

While participation increased from around 50% to 90%, it also became evident that students 

cheated on these unsupervised quizzes to score the maximum bonus for their final grade. 

Interestingly, students who cheated actually scored lower than average as they missed the 
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formative value of the quizzes, while students in the purely formative assessment condition 

benefitted from the quizzes. 

Regarding non-graded assessment, students in the study of Bälter et al. (2013) 

indicated that the online practicing before the end examination was more valuable than 

receiving bonus points for the end examination and improved self-regulated learning was 

reported. Wilson et al. (2011) found that non-graded online quizzes increased performance 

while 95% of the students mentioned the added value to prepare for the final exam.  

Thus, it seems that the grading aspect of assessment motivates students more, but 

students probably benefit more from assessment without grading. The current study’s 

assessments are without any grade by default. Therefore, the assessments in this study may 

have been relatively less utilized, but the beneficial formative aspect is more likely to be 

warranted. 

 

2.2.2 RELATIVE BENEFITS OF ASSESSMENT COMPARED TO OTHER STUDY ACTIVITIES 

In offline settings, practice testing with feedback and distributed learning in time were 

reasoned to be the most beneficial learning techniques across diverse learning contexts, while 

other and more common student activities like summarization, highlighting and rereading 

were found to be inefficient (Dunlosky et al., 2013). Rereading and memorization was found 

to represent an ineffective SRL strategy and therefore did not contribute to student 

performance (Fernandez & Jamet, 2017). In a study the rehearsal of study material was even 

negatively correlated with performance for both fully online as blended courses (Broadbent, 

2017).  

Moreover, assessment exposure and activity regularity are basic aspects in control of 

students and teachers that can be measured in VLEs such that practical implications can be 

drawn from the study. This avoids repetition of previous data-driven procedures of available 

metric selection that may lead to less meaningful implications, like the positive relation 

between the number of clicks and student performance (Gašević et al., 2016).  

Even though this current research is not capable of measuring this latent aspect nor 

engagement or motivation, the advantage of assessment over other VLE activities make 

assessment the most suitable tool to assume a certain and general amount of engagement for. 

This, in combination with the potential benefits for learning that are described next, makes 

VLE metrics about assessment the most promising without further data sources.  
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2.3 Benefits of practice testing assessment 

Exposure to formative e-assessments has been found beneficial for performance in a 

meta-study of Kingston & Nash (2011). Whether the use of e-assessment was in fully online 

or blended courses, is not clearly mentioned. The reasons why assessment has been found 

beneficial for student learning and performance can be explained through the direct testing 

effect, the indirect testing effects by improving SRL and feedback. These reasons are 

described below. Afterwards, positive assessment effects in VLE studies are mentioned and 

the first hypothesis is stated. 

 

2.3.1  THE TESTING EFFECT 

The direct testing effect is the beneficial surplus that testing has compared to other 

learning techniques like rereading the subject matter, an effect that has been studied since 

1909 and found to be robust in many contexts (Morphew et al., 2018; Roediger et al., 2011). 

Roediger et al. (2011) listed 10 direct and indirect benefits of testing. The testing effect was 

originally explained for increased retrieval performance through strengthening of “correct” 

pathways and weakening of “incorrect” pathways (Kornell, Hays, & Bjork, 2009). However, 

as can be seen in Table 1, the benefits go beyond improved retrieval. It has been found 

beneficial for reading comprehension and inference (McDaniel, Howard, & Einstein, 2009) 

but also for mathematics (Angus & Watson, 2009; McDaniel et al., 2011; Morphew et al., 

2018). The study of McDaniel et al. (2011) differs from other related studies as it was 

conducted in an offline setting at middle school. 

 

Table 1 Ten benefits of testing (from Roediger et al. (2011),  p.4) 
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The testing effect was originally explained for increased retrieval performance through 

strengthening of “correct” pathways and weakening of “incorrect” pathways (Kornell et al., 

2009). However, as can be seen in Table 1, the benefits go beyond improved retrieval. It has 

been found beneficial for reading comprehension and inference (McDaniel et al., 2009) but 

also for mathematics (Angus & Watson, 2009; McDaniel et al., 2011; Morphew et al., 2018). 

 

2.3.2 INDIRECT TESTING EFFECT THROUGH IMPROVED SRL 

An interesting study was conducted in order to gain better insight of the direct and 

indirect effect of testing. Through VLE assessment, it became clear that a bigger proportion of 

the beneficial testing effect was allocated to an increase in more effective study behavior, 

hence an improvement of SRL (Fernandez & Jamet, 2017). This can  explain why the testing 

effect is present for complex learning material as well, that do not merely rely on information 

retrieval. This study is especially valuable as it combined a think-aloud protocol and the 

measurement of  actual change in self-regulated learning and end performance.  

There has been more support that practice testing improved meta-cognitive and self-

regulated learning, but here the increase in performance was measured and the explanation 

through increased self-regulated learning was based on questionnaires and a comparison of 

average performance per group rather than measurement of performance per student (Bälter et 

al., 2013; Gijbels, van de Watering, & Dochy, 2005; Wilson et al., 2011). The study of 

Gijbels et al. (2005) was in a traditional course, where assessments included essays. Another 

typical indirect benefit of assessment which is not explicitly present in the overview of 

Roediger et al. is the correction of students’ overconfidence about their own proficiency. 

Overconfidence is likely to drop through assessment, and especially low competent students 

are more likely to overestimate their own competence in the first place (Dunning, Heath, & 

Suls, 2004; Falchikov & Boud, 1989; Fernandez & Jamet, 2017) and diminishes test anxiety 

for examinations (Cassady & Gridley, 2002). So students may also indirectly benefit from 

assessment, through adapting more effective study behavior, awareness of their true 

competence and the progress they have made up till the point of assessment.   

 

2.3.3 FEEDBACK 

Even though the testing effect is present without feedback (Roediger & Karpicke, 

2006), receiving feedback is a major aspect that facilitates student’s learning (Hernández, 

2012). Offline formative assessment is potentially richer in feedback because of a human 
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assessor. On the other hand, online assessment submissions can automatically be checked and 

scored, providing students with direct feedback without the limitation of instructors’ time 

(Bishop, 2004).  

Interestingly, simple feedback is not necessarily a drawback of e-assessments. 

Students indicated short minimal feedback, which is correctness feedback, is enough for 

motivation and awareness of their study progress (Bälter et al., 2013). The effects of feedback 

is more fundamentally established in the overviewing work of Hattie & Timperley  regarding 

class-room learning. Correctness feedback provided by a computer was found to have a strong 

effect in the meta study of Kluger & DeNisi (1996). The effect of delayed feedback seems to 

be positive for more complex tasks than simple ones (Hattie & Timperley, 2007). Other 

characteristics are more dependent on student and teachers perception as they relate to goal-

setting, self-esteem and personal progress. These aspects are discussed at the end of this 

report.  

Besides performance, it was found that students primarily prefer simple feedback in 

the study of Lefevre & Cox (2016). Students could select whether and what type of feedback 

they wanted to receive after submitting a test question. In general, students chose to see the 

correctness feedback for 93% of their answered questions and left elaborated feedback 

unused. If a student’s answer was incorrect, the most favored type of feedback was the 

knowledge of correct response (KCR), hence the correct answer. This preference for simple 

feedback is in line with other studies finding that teachers’ feedback receives little attention of 

students (Crisp, 2007; Gibbs, 2006; Maclellan, 2001; Yorke, 2007).  

So for simple feedback (of correctness and the correct answer) it is most likely to 

assume that students spend attention on it and that it can be a latent positive benefit of 

assessment on end performance. The assessments in the VLE of this study utilize correctness 

and correct response feedback which are expected to increase student performance, although 

it cannot be measured separately.  

 

2.3.4 BENEFICIAL EFFECTS OF VLE ASSESSMENT  

Besides the theory that explains assessment benefits, VLE studies have already found 

beneficial effects of assessment on end performance (Angus & Watson, 2009; Cole & Spence, 

2012; Holmes, 2018; Van Gaal & De Ridder, 2013). The most relevant study in terms of 

scale, topic and robustness was conducted by Angus and Watson (2009). These researchers 

found that students’ performance in an applied mathematics course was higher for students 

that completed three or four out of four online quizzes, regardless of their score on those 
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quizzes (although the quizzes were graded, counting for 2% of the final grade). The study 

analyzed data from about 1600 students and controlled for prior taken mathematics courses, 

the midterm assessment performance and face-to-face work-group attendance.  

Holmes (2018) and Cole & Spence (2012) compared overall performance of student 

groups in time and between school years, after assessments were introduced to the course. 

Van Gaal & De Ridder (Van Gaal & De Ridder, 2013) analyzed student-specific performance, 

but tested the effect of the average scores of the 4 assessments. For courses with more 

available assessments like in the current study, it is more valuable to look at the effect of the 

number of assessments rather than the comparison between 2 student groups who did and did 

not make all or a specific number of assessments.  

In this study, assessments are based upon learning topics in the course. Moreover, the 

hypothesized effects regard domain-specific assessment and therefore not attributed to 

students’ general activity.  This choice is due to the multilevel data of this study and will be 

explained in the conducted analysis section (3.3.7). 

  

H1: Students who cover more learning topics by assessment within a course domain, score better 

on the domain end test. 

 

2.4 Benefits of regular assessment 

Next, it is explained why regular assessment is expected to benefit student performance. 

First, this is done in respect to other temporal VLE measurements and SRL. Second, the link 

is made with VLE assessment as the related theory mostly applies to regular studying in 

general. Regular assessment has only been tested implicitly through the total effect of 

continuous or regular assessment, but the hypothesized effects that follow at the end of this 

section are explicit for the regularity component of assessment. 

 

2.4.1 VALUE OF REGULAR ACTIVITY COMPARED TO OTHER TEMPORAL MEASUREMENTS 

Various temporal VLE variables have been used in performance prediction studies 

(Conijn et al., 2017; Zacharis, 2015). As stressed in this report, the implementation and results 

of predictive effects are not always intuitive or useful. It seems that temporal count variables 

are more reliable since time-on-task variables may be unreliable due to multi-tasking or 

distractions (Kovanović et al., 2016) or individual learning strategy differences (Maldonado-

Mahauad et al., 2018). Both studies were for fully online courses, but the reasons of multi-
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tasking, distractions and individual learning differences are likely to also play a certain role in 

blended courses.  

Nevertheless, both time measurements or count variables like the number of sessions 

are not meaningful in themselves as the effectiveness of these variables rely on SRL 

(Broadbent, 2017; Fernandez & Jamet, 2017). The link between regular activity and SRL is 

more clear. Positive correlations between regular study activity and performance in VLEs is 

explained as a proxy of good time-management in both blended and online courses and thus 

related to SRL (Broadbent, 2017; Goda et al., 2015; Jo et al., 2015). In addition, 

procrastination is explained as poor time-management or self-regulation that have a 

detrimental effect on performance (Cerezo, Esteban, Sánchez-Santillán, & Núñez, 2017; 

Hartwig & Dunlosky, 2012; You, 2016).  

An example of the difference between regular activity and a count was shown in the 

study of Asarta & Schmidt (2013). In their study, the effect of access patterns of online course 

material on performance was examined. The regularity of accessing online lectures was 

significantly improving performance, whether the accessed lecture was in line with the course 

schedule or not. The total number of accesses did not have this positive effect, which could be 

explained by the influence of short attention spans or ease of being distracted that can increase 

the number of accesses but does actually represent a negative effect on performance.  

 

2.4.2 BENEFITS OF ONLINE REGULAR ASSESSMENT 

Despite the benefits of regular activity, in some cases a negative correlation between 

regular online activity and performance was found (Conijn et al., 2017; Yu & Jo, 2014). 

However, the regularity of assessment was not been tested separately. In a review study of 

Dunlosky et al. (2013), both practice testing and distributed practice are argued to be the most 

effective learning strategy that applies to many contexts and regular practice testing has a big 

advantage over repeated testing in a shorter time-span. The positive effect for learning could 

not be explained, although neurological and SRL-related reasons were suggested. Another 

explanation could be that regular assessment in VLEs could foster deep learning (Knight, 

2010). Deep learning is a higher quality of learning, explained as a higher-effort approach 

focusing on understanding, while surface learning as a low effort approach focuses on 

memorizing (Biggs & Tang, 2011). 

Some studies of assessment in VLEs are mentioning their study is about regular 

assessment (Angus & Watson, 2009; Cole & Spence, 2012; Holmes, 2018; Van Gaal & De 

Ridder, 2013). But in these learning analytics studies, the effect on performance by 
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assessment frequency or regularity, this temporal aspect was either fixed (for example weekly 

quizzes) or the temporal aspect was not measured (just the number of assessment submissions 

in the whole period).  

The study of Rotenstein, Davis, & Tatum (2009) found that regular assessment 

positively influences performance while controlling for performance. This is an important 

finding as explaining regular learning activity can be related to an inherent student quality and 

thus merely an indication of weaker or stronger students.  

To conclude, it was expected that the combination of both assessment and regularity 

activity has a positive effect on student performance. In this study the temporal distribution of 

assessments was measured between days. 

 

H2:  Students who submit assessments over more separate days within a domain, score higher 

on the domain end test.  

H3: Students who submit assessments less regularly over separate days within a domain, score 

lower on the domain end test.    

 

2.5  Influence of initial performance 

The strong predictive power of prior performance on end performance is clear in 

higher education (Conijn et al., 2017; Potter & Johnston, 2006; Tempelaar, Rienties, & 

Giesbers, 2015). Thus, students who have lower initial scoring are more dependent on the 

performance gain of assessments than higher scoring students.  

Van Gaal & De Ridder (2013) found that students with a lower grade point average 

(GPA) had more to gain from regular assessment compared to students with a higher GPA. 

This can be explained through SRL. Hartwig & Dunlosky (2012) found that low performing 

students used less effective SRL strategies while Angus & Watson (2009) found that students 

with lower prior performance clearly made less use of assessments. So initially low 

performing students may benefit additionally from (regular) assessment as it may foster SRL 

in general as earlier described (e.g. Gijbels et al., 2005; Holmes, 2015). 

As mentioned before, assessment can also indirectly benefit learning for initially 

overconfident students (Dunning et al., 2004; Falchikov & Boud, 1989). However, for Dutch 

SVE students it is also likely that initial low performance is related to low self-efficacy and 

thus assessment can even counteract through demotivation.  
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This is a very relevant aspect for practical implications and especially as the earlier 

findings of improved SRL may not apply to SVE students. Since indirect benefits through 

improved SRL are present for low performing students, it is hypothesized these students will 

indeed benefit more from (regular) assessment.  The hypotheses state “submitted 

assessments” for clarity, but refer to the coverage of learning topics by assessment as in 

hypothesis 1.  

 

H5: Students who score higher on the initial test within a course domain, score higher on the domain end 

test.  

 

H6.1:  For students who score lower than 50% on the initial test within a course domain, the effect of 

submitted assessments on the end test score within the domain is stronger than for students who score 

higher than 50% on that initial test. 

 

H6.2: For students who score lower than 50% on the initial test within a course domain,  the effect of 

active assessment days on the end test score within a course domain is stronger than for students who 

score higher than 50% on that initial test. 

 

H6.3: For students who score lower than 50% on the initial test within a course domain,  the effect of 

regularity on the end test score within a course domain is stronger than for students who score higher 

than 50% on that initial test. 

 

 

2.6 Research questions and hypotheses overview 

To summarize, these are the research questions and related hypotheses of this study:  

 

Do VLE practice testing assessment (H1) and regular assessment (H2 & H3) of SVE 

students increase end test performance across unknown learning contexts? What is the effect 

of initial performance (H4)? Do assessment and regularity effects differ between initially 

weaker and stronger students (H5.1, H5.2 & H5.3)? 
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3 Methods 

This section describes how and in which educational setting the research questions were 

answered. It covers the student sample, the VLE course description, the data construction and  

the conducted data analysis for the hypotheses testing. The investigated VLE course is 

Rekenblokken, owned by the Dutch company of Malmberg. Content designers have been in 

contact with teachers and relevant insights will be mentioned throughout  the report.  

3.1 Student sample 

VLE activity data was gathered from students that completed at least one end test in the 

SVE school year between August 2017 and August 2018. Initially, this selection 

corresponded to 55,837 students from about 310 schools. After the filtering described in this 

section, 45,968 students remained from about 270 schools. At the time of the data gathering, 

the information about the link of students and schools was not completely accurate, so the 

number of institutions serves as a good estimation rather than the exact number.   

 

3.2 Description of the VLE: Rekenblokken 

Rekenblokken has the aim to prepare students for the national examination of 

calculating skills. National requirements are set for Dutch SVE students in order to make 

students capable of applying basic calculations in their profession, but also as a general skill 

in life. The national examination itself is not part of the VLE course. Therefore, the end tests 

that the course provides are used as a measure of end performance, as will be described later.  

Rekenblokken is designed to be a full digital course that prepares students for the type 

of examination questions through assessment. It is not a fully online course since it is used by 

SVE institutions in face-to-face classes and can therefore be considered a blended-learning 

course with a strong focus on the online assessments and (very brief) instructions. However, 

teachers had indicated that they let students work with pencil and paper if they had learning 

difficulties. 

The focus of the this study are the four essential course domains that are to be 

mastered by the national learning requirements. These domains are Numbers (Getallen), 

Proportions (Verhoudingen), Measurements (Meten en Meetkunde) and Relations 

(Verbanden).  Extra exercises and exam preparation exercises are related to each of the four 

course domains.  
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The course content is provided at three reference levels: 1F, 2F, 3F. The Dutch SVE 

system is divided in four levels. Students in the first three SVE levels are required to meet the 

2F requirements. Students in the fourth level need to master the 3F level. Level 1F is for 

students who have to catch up or have severe difficulties with conducting calculations.  

This corresponds to 12 domain-levels in total which are all included in the study 

(Figure 1). Each domain-level consists of four  to nine lessons. Each lesson represents one 

learning topic. Next, the assessment types are described in respect to the learning topics. 

 

Figure 1.  Rekenblokken student interface with the four essential course domains (respectively from the top: 

Numbers, Proportions, Measurements and Relations,) and exam preparation exercises . F-levels indicate the 

difficulty level within the course. Only 2F and 3F are national required levels which is the reason why no exam 

preparation questions are available for 1F.  

 

3.2.1 DESCRIPTION OF THE ASSESSMENT TYPES  

In total, eight different assessment types exist in Rekenblokken. Five assessment types 

are domain-level specific, including the end test (Table 2). These are more relevant to this 

study as clear link between practice assessment and end assessment is more likely to warrant 

student engagement (e.g. Bloxham & Boyd, 2007). The assessments differ in learning topic 

coverage, submission design, availability of access and feedback. All assessments had similar 

lay-outs and contained similar question-types (variety of open answer, choice and drag and 

drop questions). Questions were divided over pages and the number of pages differed between 

assessments and domain-levels. A distinction can be made between assigned assessments and 

lesson assessments. All are introduced in italic. 

The assigned assessments are the orientation, initial and end tests. Assignment applies 

to the access of the assessment and its submission, but also the assignment for revision of the 



22 
 

correctness feedback afterwards. The orientation tests are used to see if the level within the 

domain is appropriate for the student. They cover all learning topics in the domain-level. By 

design, at 1F there is only one orientation test for the domain Numbers. The initial tests are 

used to determine the specific proficiency for each learning topic within a domain-level and 

have the clearest relation to end tests. End tests are used to indicate domain-level performance 

after the utilization of lesson assessments.   

The lesson assessments are the lesson exercises and lesson tests and are always 

available for access and feedback afterwards. Lesson exercises are most focused on 

practicing. Questions are submitted separately with two or three attempts available, providing 

direct feedback with hints and correct answers if no attempts are left. The lesson tests cover 

one lesson (learning topic) at once and provide correctness feedback afterwards. 

All tests differed from lesson exercises as they were submitted at once, by a 

submission button at the final page of the test. To remind, only for lesson tests the correctness 

feedback could immediately be accessed without assignment. The reviewing activity of 

students could not be identified. Table 2 summarizes the assessments and Appendix A shows 

examples of assessments from the student interface.  

Exam preparation exercises were comparable to lesson exercises of the same domain-

level and therefore for the analysis, the exam preparation topics were treated as learning 

topics. The other two assessment types are used as control variables since they are level-wide 

and not domain-specific. Although it has been shown that the benefits of assessment go 

beyond the specific content being assessed (Roediger et al., 2011), this study focused on the 

domain-specific assessments that have the clearest relation between the content of the 

assessment and the end test. Because a clear link between practice assessment and end 

assessment is more likely to warrant student motivation and engagement as mentioned in the 

previous section (e.g. Bloxham & Boyd, 2007).  

 

Table 2 Overview of the assessment types in Rekenblokken. A distinction is made between assigned 

assessments and lesson assessments.  

Domain-level specific 

assessment type 

Only available by 

assignment of 

teacher  

Submitted at once Feedback directly 

available after 

submission 

covered domain learning 

topics per submission 

Orientation tests + + - all 

Initial tests + + - all 

End tests + + - all 

Lesson exercises - + + 1/n exercises 

Lesson tests - - + 1 
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3.2.2 VLE USAGE 

By design, students would work with Rekenblokken in two successive years where the 

intended working order is Numbers, Proportions, Measurements and Relations. However, 

institutions and teachers were free to use its modules in their own way. This could be to 

various reasons, including students’ occupation with internships. It was known that Numbers 

and Proportions was the cause of some students’ anxiety as these topics were familiarly 

problematic during elementary and high school. These students started with Measurements 

and Relations as these domains are less problematic and more interactive. This exemplifies 

that designed and actual usage were not aligned.   

 

3.2.2.1 Adaptive lesson material 

Moreover, teachers decide whether students have adaptive learning material or not. To 

make use of the adaptive course material, teachers first have to assign an initial test to 

students such that the learning material can be adapted based on the results. If a student scores 

higher than 75% on a specific learning topic, the lesson that represents this learning topic will 

be grayed out. This only happens if a teacher opts to make use of the adaptiveness and all 

(grayed out) lessons will still remain accessible. The information of which teacher matched 

with which students, or which students belonged to which class, is untraceable due to the 

privacy regulations. This implies that it was unknown whether and when tests were assigned 

for making or reviewing to a student, and if a student was exposed to adaptiveness.  Only the 

actual making (submitting) of tests by students was known. This implied that the VLE 

recommended more lessons (both exercises and tests) to weaker students and that better 

students could submit less assessments because of this. This was not expected to influence the 

validity of the results as both initial performance as the interaction between initial 

performance and assessment were implemented in the analysis. Moreover, the descriptive 

results show that average assessment activity was low, whether students submitted an initial 

test or not.  

 

3.3 Data construction 

The complete data operationalization was conducted with the programming software 

R. First, the logged VLE activity events are briefly described. Second, the variable 

constructions are explained, start the cleaning of the data. Major attention is given to the 

initial and end test data that provides the scores and grades that are used for the measurements 

of initial and end performance. Lesson assessment submissions were measured at the learning 
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topic level. Third, the description of all variables follows the filtering for the two final 

datasets, based on students who completed initial and end tests. The section ends with the 

analysis method for the hypotheses testing.  

 

3.3.1 EVENT TYPES 

The original data for this study consists of  two event categories. Both event types 

contain identifiers of the student, content, session ID and the timestamp of the event.   

First, answer submitted (AS) events are created for each sub-question after a student 

clicked on an assessment submission button and contain scoring information of that sub-

question (only relevant for initial and end tests in this study). This creation mechanism has an 

implicative consequence for data handling. Since lesson exercises are submitted per question, 

the corresponding AS events have distinctive timestamps. AS events of the assigned tests and 

lesson tests all have the same timestamp per submission as the attempt is submitted at once.  

Second, content viewed (CV) events are created after a student visits a new content 

page. Content pages were either of dashboards, instructions or assessments. These events 

were used for the construction of control variables that give an indication of the time spent on 

assessments.  

 

3.3.2 CLEANING OF INITIAL AND END TEST DATA  

First,  all AS events of all assessment types were filtered for ambiguity. Because AS 

events were to represent only one sub-question of one specific assessment at a specific 

timestamp, duplicated AS events were removed. If events at the same timestamp had multiple 

scores for the same sub-question, all of these events were removed as it was unclear which 

score was valid. Since these sub-question scores were missing, the matching tests’ attempts 

also had to be removed to remain complete and valid test scores.  

For initial and end tests, attempts were constructed as the aggregation of cleaned AS 

events per student, domain, test ID, technical version and timestamp. For each attempt, the 

number of sub-questions and test score could be determined. The score construction will be 

explained later in this section. However, it is relevant to mention that AS events, representing 

one sub-question, contained both the actual scoring on the sub-question, but also the 

maximum score of the sub-question. Metadata of tests included the number of questions but 

not the number of sub-questions per test ID nor the maximum scores information. Therefore, 

only the tests IDs were kept for which at least one student submitted more or the same amount 
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of sub-questions compared to the number of registered questions in the metadata. This was 

done in order to make sure the maximum scores were known for all sub-questions in the tests. 

Since all remaining end IDs for analysis had over 150 attempts, it is unlikely that not one of 

all attempts was completed by answering all sub-questions.  

Because test attempts were constructed by aggregating AS events at matching 

timestamps, some attempts seemed to have split up as two groups of AS events over two 

timestamps with a difference of 1 or 2 seconds. Although time between attempts varies widely 

without clear reason, it was clear that many test attempts were spread over 1 or 2 timestamps. 

For these cases, the attempt was reconstructed as the summation of the scores and the number 

of sub-questions submitted. This was only done if the two sub-attempts were not each other’s 

duplicates in terms of the score, number of sub-questions submitted or if the sum of the scores 

did not exceed 100% and the sum of the submitted sub-questions did not exceed the 

maximum sub-questions submitted for the specific test version. Following this procedure, 

duplicates of attempts over a 1 or 2 seconds spread were found as well and were removed. In 

total, 192 students and 1,127 first end tests were left out by filtering for ambiguous data (see 

Appendix A for a detailed overview of the filtered end tests per domain).   

 

3.3.3 END TEST SELECTION 

The analyses were conducted for the first end test score per domain per student and 

only if the student submitted these end tests at the same F-level. This was done in order to 

reduce the complexity of analysis and avoid the inter-related effects of multiple end test 

submissions and having to control for the exposure to the correct answers of tests (while the 

revision of tests remained untraceable).  Students who submitted end tests at multiple levels 

were left out (11k observations) in order to have a better representation of students that more 

clearly “belong” to one F-level which was assumed to make comparisons between students at 

the different levels more equal.  The drawback of this approach is that increased F-levels 

across domains could indicate student performance.  

Both repeated end tests at the same domain-level were filtered out, as well as end tests 

at different levels within the same domain. The average of included end test per student 

submissions decreased about 50%. This decrease represents the utilization of multiple end 

tests within the same domain of students (either retakes or switching levels). 

The selection of first end tests might have biased the analyses if first end tests made by 

students were different from successive submitted end tests in terms of completion, 

engagement, or technical problems. To warrant the representation of performance, two 
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learning topics 

questions 

sub-questions 

controlling approaches were explored: controlling for the time a test’s content was being 

viewed and the number of sub-questions submitted.  The time measurement approach was 

inappropriate as the exact time measurements were inaccurate due to missing CV events, 

which was clearly a problem as a subset of completed end tests had content viewing times of 

0. Besides, there was a wide range of content viewing time that preceded the end test 

submission, such that no clear cut-off points seemed suitable.   

Instead, a selection was made based upon the completion ratio of the end tests. This 

ratio was the percentage of end test sub-questions submitted. A minimum of 90% completed 

tests seemed a reasonable cut-off point for having a comparable group while being able to 

include data for end tests in which only a few sub-questions were left unanswered. It 

remained unfeasible to indicate tests that were incomplete due to the set time limitation, 

which would be another reliable representation of performance (in time). However, this would 

not even be a desirable approach as the time limit of tests could widely differ among students. 

The 90% completion requirement was also applied to select representative initial tests. 

 

3.3.4 INITIAL AND END TEST SCORES  

The initial and end  test scores, on a scale from 0% to 100%, has been determined 

according to the method of Malmberg. The learning topics of each test weigh equally in the 

test score. Because all questions within a learning topic  also have equal weights, questions in 

a learning topic with more questions have a relatively lower weight in the end test score. Sub-

questions within questions weigh differently according to the maximum amount of points that 

can be scored for this sub-question (Figure 2). This corresponds to the following: 

 

 

  

 

 

 

 

 

 

 

 

Figure 2. Relative weights for learning topics within a test, questions within a learning 
topic and sub-questions within questions. Only sub-questions within questions differ 
in their relative weight due to the maximum scores among sub-questions. horizontal 
length gives a simplified impression of relative weight.  
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3.3.4.1 Initial and end tests grades 

The actual grades that students receive in Rekenblokken, are the scores adapted with a 

caesura. A caesura is applied to set a higher scoring requirement for reaching a proficient 

grade. A common reason to do is, is to account for the scoring that can be achieved by chance 

in non-open answers (a correction for guessing).  In the Netherlands the minimal sufficient 

mark is typically a 5.5. The grade calculation is based on a 75% threshold, which implies that 

a score of 75% is the minimum sufficient score (and corresponds to a grade of 5.5). The 

calculation of the test grades is as follows.  

 

for scores above 75%:   grade= 5.5 + ((10 – 5.5)/(100-75)) * (score-75) 

equal or lower than 75%:  grade= 1 + (10 – 5.5) / 75 * score 

 

The grades were used for the analysis as the distribution of end grades was less 

skewed than the end scores distribution, as will be explained in the analysis section. 

 

3.3.5 INDEPENDENT AND CONTROL VARIABLES 

For all  independent and control variables, only the events prior to the end test were 

used.  The periods per domain is known to differ between students (at least due to schools) 

and therefore the period of a domain is based on the first submitted assessment, which is the 

initial test for the hypotheses testing. Since the end tests covered the content of one domain-

level, the constructed assessment metrics were aggregated at each such domain-level 

combination.  

 

3.3.5.1 Relative coverage of learning topics by assessment submission  

Initially, the number of submitted sub-questions and the covered learning topics were 

separately measured to make a distinction between the number of submitted sub-questions 

across several learning content topics. These two metrics correlated highly, meaning that 

students consistently submitted similar numbers of sub-questions per learning topic. Besides, 

the absolute number of submitted sub-questions differed per domain-level. Therefore 

assessment submission variables represent the percentage of learning topics covered by that 

assessment type. 

For orientation tests, all learning topics were covered by completing one test. This is 

referred to as orientation test completion, which was identically done for initial and end tset as 

previously described. For lesson exercises and lesson tests, all learning topics were covered 
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corresponded to the total number of lessons. For lesson exercises, the total number of lessons 

was extended with the number of extra and exam learning content topics. 

 For a 100% completion of orientation tests, all sub-questions had to be submitted. For 

lesson exercises or lesson tests, all lesson topics had to be covered by exercise submission or 

lesson test submission. The drawback is that a completion of 100% could be assigned to a 

student who submitted exactly one question in each lesson, but this was impossible to control 

for as the average correlation was too high and created multicollinearity in the analysis 

models.  

 

3.3.5.2 Independent variables 

 

Initial grade and low initial performance (LIP) 

The initial test grade was constructed the same as the end test grades as well: by 

applying a caesura threshold of 75% that corresponds to the sufficient value of 5.5. This 

variable is referred to as initial grade. The dichotomous low initial performance (LIP) was 

created in order to test the hypotheses regarding the moderation of initial performance on the 

effects of assessment completion or coverage, the number of submission days and submission 

irregularity. The value was 1 if the initial grade was higher than a 5 (out of 10) and a 0 

otherwise. The general initial performance measurement was based on the theory for 

hypothesis 6 that benefits of (regular) assessment are higher for students who have low 

general performance (as a comparable measurement to GPA in higher education). The 

difference is that the initial grade does not measure the same as GPA does in higher 

education, but the more similar measurement of the average initial score of each student 

would be influenced by the order of the domains in which the initial scores were measured. 

The measurement of performance will be discussed at the end of the report. 

 

Lesson exercises and lesson tests coverage 

Even though four assessments types have a clear link and expected benefit on end test 

performance, only the learning topics covered by lesson exercises and lesson tests are used for 

the hypotheses testing. This is because initial performance was measured from completed 

initial tests as the first activity in a domain period (only in 1.5% of the cases students started 

with an orientation test that was followed immediately by an initial test). Orientation tests 

were designed to be completed before initial tests, such that these could not be tested in the 

valid context.  
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3.3.5.2.1 Temporal variables 

Metrics about the temporal aspects of assessment were domain-widely constructed, 

since dividing assessment regularity over matching and non-matching levels would lose the 

intended explanatory value of the metric, which is about consistency rather than the specific 

learning content that was being assessed within the domain.  

The metrics of the independent variables and their construction are summarized in Table 3. 

These variables were separately constructed for each type of assessment and a distinction was 

made between assessment submissions at the matching level and the non-matching levels. 

 

Number of assessment submission days 

In order to give a first indication of the distribution of assessment in time, the number 

of unique assessment days was constructed. This variable is referred to as submission days 

and constructed as the summation of the number of unique days on which a student submitted 

at least one sub-question in the domain.  

 

Irregularity of assessment days 

In order to give an indication of the regularity of a student’s assessment days in a 

domain, an irregularity variable was constructed. This variable is referred to as submission 

irregularity and was constructed as the standard deviation of the number of average days 

between two consecutive assessment days. This value was rounded to make this measurement 

less sensitive, for example an assessment irregularity value of 0.4 is not expected to be better 

than 0. The lowest value of 0 represents the highest regularity and higher values indicate 

irregularity.  

For example, students who submitted assessments on days 0,7,14 or 1,2,3 would both 

have a submission irregularity value of 0 since there is no variance in the number of days 

between assessment days. A student active on days 0,7,21 would have a submission 

irregularity value of 4 (3.5 rounded, the standard deviation of 7 and 14). For students who 

were not active or only one day prior to the end test, no standard deviation can be calculated. 

The number of these cases is shown in the descriptive results section. 
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Table 3 Independent variables and their metric construction. 

Independent variable metric Construction  

initial grade Based on the initial test score calculated by equal weighting of learning 

topics. A caesura weighting was applied to the test score where 75% correct 

corresponded with a sufficient grade of 5.5 out of 10. 

topics covered by lesson exercises 

topics covered by lesson tests 

percentage of total learning topics covered by assessment (%) 

low initial performance (LIP) Boolean used for interaction variables to distinguish between initial 

performance lower or above an initial grade of 5 out of 10 (1/0) 

submission days sum of unique dates of as events (days) 

submission irregularity standard deviation between periods between unique dates of as events (days) 

 

3.3.5.3 Control variables 

The control variables and their construction description are shown in Table 4.  

 

Lesson assessments at the non-matching levels  

Since all students had access to all the three levels within one domain, lesson 

assessment submissions at the other two levels in the same period were implemented as 

control variables and referred to as assessment at the non-matching levels. For example, if a 

student submitted an end test at level 2F, assessments within that period at 2F will be referred 

to as assessment at the matching level and assessments at 1F and 3F will be referred to as 

assessment at the non-matching levels. Assessment submissions at the non-matching levels 

occurred most at level 1F and the least at level 3F, which is likely if assessment at higher 

levels being perceived as more useful than at lower levels. Hence, the name  “other levels” 

was chosen due to 2F and in order to make one variable for all levels. As this was a control 

variable, no further distinction was made at 2F. At 1F these variables regard to higher levels 

and at 3F these regard to lower levels.  

 

Orientation test completion and additional initial tests  

Both orientation tests and additional initial tests were submitted after first initial tests 

within the same period. Because all learning topics were already covered within one initial 

test, this variable was constructed as the total number of additional completed initial tests 

(such that the repetition of learning topics covered are measured). Excluding the possible 

completed initial test at the start of the domain-level period, this corresponds to the total 

number of initial sub-questions divided by the number of sub-questions of one initial test.  

Submissions of these tests at the non-matching levels were neglected due to the very low 

occurrences. 
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Content viewed time of assessments 

Time spent on the assessments could be an important aspect to control for. Since no 

difference can be made between the viewing of the assessment content and the actual making 

of the assessment before submission, the content viewed time before submission (CV time 

metrics) are controlling for both behaviors of viewing and making of the assessment. The 

same applies to the content viewed time of the end tests (end test CV time).  

The CV time metrics are constructed by aggregating the duration of CV events per 

assessment type, per domain per student. For each specific assessment ID, only the CV events 

were taken into account with a timestamp before the last AS event for the assessment ID, to 

make sure the time was before actual submission of the assessment. The duration of  CV 

events was determined as the difference in time between the CV event timestamp and the next 

CV or AS event timestamp in the same session. A unique session ID was created for all 

events within one online session (each time a student logged in). Because no event followed 

at the end of a session, the duration of the last CV event in a session could not be determined.  

The values of the CV time metrics represent the domain-wide total time spent on 

viewing and making of assessments before submission. The end test CV time metrics were 

constructed similarly but represent the time spent viewing and making of only the specific end 

test.  

Due to the hands-on course design, time spent in Rekenblokken that is not spent on 

making assessments can only be spent at the dashboard or the grade overview. The additional 

content viewed times of assessments which were not followed by submission (AS events) 

were left out since these added values were rather low and not expected to influence the 

analysis results. 

 

 Inactivity period between the last assessment and the end test 

The inactivity period between the last assessment and end test could have a negative 

effect on the final performance. The variable is referred to as period between last assessment 

and end test and constructed as the number of days between the date of the last AS event in 

the domain and the date of the end test.  

 

Activity measurements of the complete school year 

Two control variables were not domain-specific. In order to control for general (non-

related) activity, the number of sessions was constructed (sessions). The number of sessions 

equals the total number of log-ins in the period before a student’s submission of the end test 
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and indicates a level of general activity, including both assessments and content views. 

To capture a general mixture of experience with the VLE system and the end test assessment 

across the domains and in time, the order of the end tests was controlled for (end test order 

index). This value is the position  in the order of final end tests, such that the first end test in 

the first domain had a value of 1 and the first end test in the last domain had a value of 4. The 

number of end tests variable represented the total domains covered in the measured 

schoolyear and rather controlled for the pace at which students were working at several 

domains. Both the end index as the number of end tests were treated as categorical variables 

as they were not real continuous variables and were more informative as categories. 

The constructed metric of average number of days between assessment days was used for the 

construction of the irregularity metric and used as a control variable in the analysis. However, 

in presence of the other variables, it did not account for additional variance and was therefore 

not included in the final models. 

 

Table 4 Control variables and the metric construction. Some variables were excluded in the analysis models due to 

non-significance or multicollinearity.  

Control variable metric Construction  

additional initial tests total additionally submitted initial test questions divided by number 

of questions of one initial test (number of tests) 

average days between assessments  

(left out of final models) 

the average of the number of days between unique assessment days 

(days)  

domain Domain indicator of the end test (numbers, Relations, Proportions, 

Measurements) 

end test CV time content viewed time of the specific domain-level end test (minutes) 

end test order index Index after ordering students’ completed end tests across domains. 

The first domain end test has index 1, with a maximum of 4 for the 

last domain.  

F-level Level indicator of the domain end test according to the national 

requirements for SVE (1F, 2F, 3F) 

initial tests CV time 

les tests CV time (left out of final models) 

les exercises CV time 

content viewed and completion time of assessment before 

submission (minutes) 

lesson exercises covered at other levels 

lesson tests covered at other levels 

percentage of total learning topics covered by assessment at the 

other levels than the domain end test (%) 

level-wide tests number of level-wide and non-domain specific assessments: brief 

orientation tests,  stand-alone practice questions and separate exam 

preparation questions  

number of end tests the total number of completed domain end tests per student (1-4) 

period between last assessment and end test inactivity period of assessment between last as event date and end 

test date (days) 

period first assessment end test  period between first AS event and final end test (days)  

sessions sum of unique sessions across the four domains (counter) 
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End test versions 

The content of Rekenblokken was maintained during the school year. Therefore, 

several versions existed for each end test ID. Due to this temporal dependency, end tests were 

not randomly distributed across students. A distinction was made between technical and 

functional test versions. The former represent minor updated versions while the latter 

represent semantically different versions. Strong differences between the versions were 

explained through other variables, and thus the different versions were rather representing 

different student and activity samples than the influence of the end test version itself. 

Therefore the end test versions were omitted from analysis.  

Several end test submissions were incorrectly identified, resulting in a strange test ID 

without a version indicator. Fortunately, this corresponded to a relatively small number of 151 

cases in total.  As mentioned before, at least 150 end tests were submitted of each separate 

end test ID. 

 

3.3.6 FILTERING OF THE FINAL DATASET 

The final selection of student data for analysis was based on the completion of initial 

and end tests.  Since not all students started with the completion of an initial test at the same 

level as the end test, two final datasets were created. The first contained all data for which a 

student’s first end test in a domain was completed for at least 90%. Rekenblokken also 

includes partial end tests, which had to be left out to be consistent with the filtering for first 

end tests. So cases in which a first complete end test was preceded by at least one partial end 

test, were omitted. Note that this happened after the construction of the variables, such that 

the variables number of end tests and end test order index included these filtered end tests. “ 

For the interpretation of the position and number of domains covered, it is important 

that this information is stored in those variables. They are left out because it was not 

investigated whether these partial end tests could “train” students specifically for the specific 

end test questions (exploratory analysis showed that the submission of partial end tests had a 

positive effect on end test grades). Finally,  The final first dataset consisted of 46.0k students 

who completed 101.2k end tests in up to four domains.  

The second dataset was a subset in which students also completed an initial test at the same 

domain-level for at least 90%, such that initial and end test scores are based on proficiency for 

the same content. If a student made multiple initial tests at the matching level, the first 

submitted test was selected for the score to prevent influences across initial tests of the same 

domain-level. To make sure that the initial test was indeed a measurement of starting 
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knowledge and skills, it was also controlled for that the initial test was the first activity in the 

domain. About 44.4k  initial tests were the first activity (51.9k including tests with lower than 

90% completion) compared to about 12.6k which were not (15.0k below the completion 

threshold). The final second and more informative dataset contained data of 25.5k students 

with 44.4k pairs of completed initial and end tests. The distribution across domain-levels is 

shown in the descriptive results section. It must be noted that effective sample sizes were 

substantially lower due to low general activity such that cases were omitted since they did not 

contain Measurements of regularity (which required at least 3 active days). This will become 

clear in the descriptive result section and afterwards in the number of observations and 

students in the regression tables.  

3.4 Conducted analysis 

Since every student could submit between 1 and 4 end tests across the 4 domains,  

multilevel models were used for analysis. The first level consists of submitted end tests across 

all the 12 domain-levels. The second level consists of students. School data was unreliable 

and class data was unknown due to privacy regulations and both could therefore not be 

implemented as higher levels. 

Null-models were created to verify if multilevel analysis was indeed required instead of 

ordinary least square (OLS) regression. This can be determined by looking at the intraclass 

correlation (ICC) that a null-model provides. Null-models included the end grades as the 

dependent variable and the student IDs as a random intercept variable. The ICC value is an 

estimate that indicates to what extent the variance of all observations (end test scores) is 

explained by clusters (students). If this value exceeds 0.05, the use of multilevel models is 

required as they take into account the explained variance by students while OLS regression 

models would incorrectly treat multiple observations of the same student as independent ones 

and therefore provide invalid statistical results (Finch & French, 2011). Null-models and ICC 

values are shown in the results section, indicating multilevel analyses were necessary.  

The used software for the analysis was R and the specific function were lmer from the 

lmerTest package (Kuznetsova, Brockhoff, & Christensen, 2017) and the robustification 

function rlmer from the robustlmm package (Koller, 2016). The former was used for the null-

models and the latter for the final models. The reasoning for using these packages can be 

found in Appendix E. 
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3.4.1 TRANSFORMATIONS OF VARIABLES 

For linear regression models in general, the model assumptions are less likely to be 

violated if the dependent variable is closer to a normal distribution. Therefore the analysis was 

done with the end grade as the dependent variable (the transformation of the end scores based 

on the caesura threshold of 75%). The difference can be seen in the histogram distributions 

depicted in Figure 3, which also shows the transformation from the initial test scores to the 

initial test grades. These were transformed to remain the connection between initial and end 

tests performance. The models using grades were compared to models using scores. The 

models using scores had a stronger tendency to relatively overestimate (predict) students’ end 

scores. Therefore, grades were used in the final models. This lowered the ICC values, 

meaning less unexplained variance remained at the student level. 

In multilevel models, the non-categorical variables at the first level consist of two 

parts. In this  study, these parts correspond to the variation of the variables between students 

and the variation within a student: the variation between domain specific Measurements of 

one student. The between components are indicated with the (pm) suffix (personal mean). The 

within components are indicated with the  (pd) suffix (personal deviation). The first is the 

student’s average value over the domains and the second is the domain-specific value minus 

the student’s average. Both components were centered such that a variable’s value of zero 

represents the mean. The personal means of a variable were centered around the overall mean 

of a variable. The personal deviations are centered around the personal means by default. 

Except for the grades and the completion of orientation and initial tests, the variable 

values were transformed with a square root function. This was done to reduce right skewness, 

as most variables had low means compared to high values that were present as well (Table 6 

in the next section) . This transformation implies that marginal activity at high activity levels 

are treated as being less effective that marginal activity at low activity levels. All metrics were 

standardized in order to be able to compare effect sizes. 
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Figure 3. Distribution of scores and the transformed scores to grades. 

 

3.4.2 TESTING OF THE HYPOTHESES: F-LEVELS AND METRICS 
The stated hypotheses were not explicitly different for the between and within 

components of the variables. However, it must be noted that the interest for within effects is 

higher from a practical point of view. Between (personal means) effects are more related to 

the student’s attributes in general, while within (personal deviations) effects tent to describe a 

purer effect of assessment regardless the student’s general attribute: it is desirable that 

students benefit from domain-specific activity, regardless of their (low) general assessment 

activity. More importantly, the personal means are based on activity in domains that differ in 

study load and relative difficulty. The coverage of lesson tests and lesson exercises are 

relative, but the absolute number of days have different effects per domain (and was harder to 

relativize).  Moreover, focusing on the personal deviations reduced the number of metrics that 

were being tested. For these reasons it was decided to test the within metrics (pd) of 

assessment only.  Table 5 shows the hypotheses and the metrics that were tested in order to 

support or reject them.  

To assume causal beneficial effects, initial performance must be available for the 

hypotheses testing. Therefore, the subset of cases in which initial performance was known, 

was used to test all but one of hypotheses. As initial performance was only measured for 

students who completed an initial test, the effect of initial test completion on end test 

performance could not be tested while controlling for initial performance. The complete 
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dataset was used to compare the subset that is used for the hypotheses testing with the subset 

in which initial tests were not completed or not submitted at all.   

The VLE data differed substantially between F-levels. For more informative results, 

three separate models were created for the F-levels. This implies that each hypothesis and 

tested metric had to be partially supported or rejected by the estimated effects for each of the 

three levels.  

 

Table 5 Hypotheses and the corresponding tested metrics. If indicated with (-), the effect is expected to be negative. 

Each metric is tested separately for each of the three F-levels. 

Hypothesis tested metrics 

H1. Learning topics covered by 

assessment 

topics covered by lesson exercises (pd) 

topics covered by lesson tests (pd) 

H2 number of assessment days submission days (pd) 

H3 irregularity of assessment days submission irregularity (pd) (-) 

H4 initial performance initial grade (pd) 

H5.1 initial performance:  

learning topics 

initial performance*topics covered by lesson exercises (pd) 

initial performance*topics covered by lesson tests (pd) 

H5.2 initial performance:  

assessment days 

initial performance*submission days (pd) 

H5.3 initial performance:  

irregularity of assessment days 

initial performance*submission irregularity (pd) (-) 

 

 

3.4.2.1 Requirement for hypothesis support: effect sizes and p-values 

Due to the size of the data, supporting hypotheses based on correlations with p-values 

lower than 0.05 is less relevant as these p-values are relatively easily found in big datasets. 

Therefore, hypotheses support in this study is based on effect sizes or p-values lower than .01 

(α=.99). The threshold for effect sizes is set based on |0.02| for small effect sizes (Cohen, 

1998).   
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4 Results 

In this section the constructed data is described and the hypotheses are tested with 

multilevel models. The data description starts with the comparison between cases where 

initial tests were completed (initial performance known) at the start or not. Second, the 

description narrows down to level and domain-level differences within the subset where 

initial performance was known. Third, the correlations between the variables are described. 

This is followed by the testing of the hypotheses and a last subsection about additional 

findings.  

 

4.1 Data description  

A summarization of the two datasets is shown in Table 6. To reduce the length of the 

table, only the noteworthy variables are presented to give an impression of the differences 

between the subsets. Moreover, the subset with initial performance is described in more 

details afterwards.  In order to be more informative to the reader, these are the not yet 

transformed values of the variables. The summary of all the transformed variables can be 

found in Appendix C.  

For each variable the mean, maximum value, standard deviation and number of non-

available cases are presented. Non-available values include missing values for the time 

variables, and for the other variables it means this variable could not be constructed (for 

example, the average days between assessment days is only constructible with a minimum of 

two active days). As may be expected in a non-experimental dataset of this size, the variable 

ranges were wide. Except for the grades, variables have high maximum values but have a 

highly skewed distribution to the lower side as can also be concluded from the low mean and 

high standard deviation.  

 

4.1.1 GENERAL ACTIVITY  

The total amount of AS and CV events and the submitted initial and end tests across 

the measured period is shown in Figure 4 and 5. The low activity periods can be explained by 

the summer, Christmas and spring breaks. There was a tendency of decreased activity 

throughout the school year.  

Looking at Table 6, the average period between the first activity and the end test in a 

domain was 60 days, but the average period between the last activity and the end test was 23 

days. Note that these are averages based on distributions with high maximum values that 
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influence these averages, which is also indicated by the high SD values. As students with 

internships used Rekenblokken as well, these may explain the high periods of inactivity. In the 

active period, the average number of total online sessions across all domains was 21, while 

students made assessments in the domain of the end test for 4.4 separate days on average.  

This average assessment activity was lower than what would be expected based on the 

course design. By looking at the first and most utilized domain-level Numbers at 2F, there are 

8 lessons. Assuming that students cover a lesson in one week, the average of expected active 

days is 8 over a period of 49 days,  excluding the (assigned) orientation, initial and end tests 

and if students would only be online during one class per week. If students made an initial 

test, the expected period between this first activity and the end test is comparable to the 

findings (70 versus 60). 

The number of end test submissions varied fairly across the domains and levels in 

total, and is indicating that the sample mostly consisted of first years students: the Numbers 

domain is the first and most utilized domain (32%) of the course and Relations the last and the 

least utilized (18%). This is in line with the general decrease of submissions as can be seen in 

Figure 5. Most students start or have to master the 2F level which explains the highest amount 

of submissions at this level (54% compared to 13% for 1F and 33% for 3F). This was similar 

for both subsets.  

Of the four assessment types, the lesson exercises were the most utilized and the 

orientation tests were the least utilized in terms of submitted questions and content viewing 

time. Differences in these activities are described next. 

 

4.1.1.1 Subset differences 

The most notable difference is that students who completed initial tests, scored higher 

on average (6.34 versus 5.97) but also were less generally active. On average, if students 

completed initial tests, their submission activity periods were shorter, they had slightly less 

submission days, while the biggest difference can be seen in the low percentage of lesson 

exercises (12.1 versus 14.4) and lesson tests covered (26.1 vs 15.1). This is unsurprising as 

non-initial test completers had more lesson material available as the initial test may have led 

to lessons being grayed out. However, since the average activity was rather low, this 

difference should then be explained by the students in both groups who actually submit all the 

available lessons. Another reason could be that students who make the initial test and score 

well already, are less inclined to work on the lesson material afterwards.  
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Also the orientation tests were more utilized in the subset without initial performance. 

As the orientation test has a similar function as the initial test, this may have let teachers to 

only use one of the two (although the designers recommend to use them successively). 

Students who did not start with the initial test, made more initial tests at other levels in the 

domain. The combination of an orientation test and initial test at another level may explain 

why these students did not make another initial test at their end test level.   

An exception is that students completing the initial test at the beginning of the domain 

period, also made more additional initial tests (1.05 vs 0.31). Interestingly, the number of days 

between submissions days and the irregularity measurement are lower for initial test 

completers, which appears to indicate that initial test completers are more efficient on 

average. However, it is the initial performance which divides the subsets and which would be 

needed to conclude this difference in efficiency.  

Remarkably, the group where the number of submission days is zero (n=3.8k), still 

had an average end grade of 5.8. By looking at the actual activity difference, this corresponds 

to an increase of 0.2 in end grade by 4.4 assessment days. This gives an impression of the 

total VLE usage and assumable learning benefits. 
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Table 6 Summary statistics of the total set and subset with initial performance known including missing values 

Metric name subset with initial performance (N=37444) subset without initial performance (N=63826) Total (N=101270) 

end grade 
   

   Mean (SD) 6.34 (1.81) 5.97 (1.81) 6.11 (1.82) 

   Range 1.00 - 10.00 1.00 - 10.00 1.00 - 10.00 

submission days 
   

   Mean (SD) 4.26 (3.20) 4.53 (3.84) 4.43 (3.62) 

   Range 1.00 - 59.00 0.00 - 46.00 0.00 - 59.00 

submission irregularity  
   

   N-Miss 13298 22265 35563 

   Mean (SD) 10.11 (12.02) 11.66 (14.93) 11.09 (13.95) 

   Range 0.00 - 187.00 0.00 - 202.00 0.00 - 202.00 

period last assessment and end test 
   

   N-Miss 0 8902 8902 

   Mean (SD) 24.43 (27.78) 22.31 (26.72) 23.17 (27.18) 

   Range 1.00 - 300.00 1.00 - 296.00 1.00 - 300.00 

period first assessment and end test 
   

   Mean (SD) 59.70 (44.68) 60.06 (54.30) 59.93 (50.95) 

   Range 1.00 - 300.00 0.00 - 329.00 0.00 - 329.00 

orientation test completion (%) 
   

   Mean (SD) 1.23 (10.80) 5.23 (21.93) 3.75 (18.71) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

initial test completion (%) 
   

   Mean (SD) 99.69 (1.42) 26.60 (41.23) 53.62 (48.13) 

   Range 90.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

additional initial tests    

   Mean (SD) 1.05 (0.29) 0.31 (0.51) 0.58 (0.57) 

   Range 0.46 - 5.93 0.00 - 10.43 0.00 - 10.43 

topics covered by lesson exercises (%) 
   

   Mean (SD) 12.08 (14.39) 14.38 (18.02) 13.53 (16.81) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

topics covered by lesson tests (%) 
   

   Mean (SD) 26.14 (27.04) 37.05 (35.59) 33.01 (33.11) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

level-wide tests 
   

   Mean (SD) 0.08 (0.37) 0.09 (0.43) 0.09 (0.41) 

   Range 0.00 - 8.00 0.00 - 12.00 0.00 - 12.00 

sessions 
   

   N-Miss 0 5 5 

   Mean (SD) 20.59 (13.25) 20.92 (15.60) 20.80 (14.77) 

   Range 1.00 - 168.00 1.00 - 178.00 1.00 - 178.00 

starting assessment of period 
   

   N-Miss 0 8902 8902 

   other assessment 0 (0.0%) 43341 (78.9%) 43341 (46.9%) 

   orientation  test 0 (0.0%) 2807 (5.1%) 2807 (3.0%) 

   initial test 37444 (100.0%) 8776 (16.0%) 46220 (50.0%) 
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Metric name subset with initial performance (N=37444) subset without initial performance (N=63826) Total (N=101270) 

 

end test order index    

   1 14969 (40.0%) 30111 (47.2%) 45080 (44.5%) 

   2 12052 (32.2%) 18393 (28.8%) 30445 (30.1%) 

   3 6695 (17.9%) 10658 (16.7%) 17353 (17.1%) 

   4 3728 (10.0%) 4664 (7.3%) 8392 (8.3%) 

domain 
   

   Measurements 7893 (21.1%) 14786 (23.2%) 22679 (22.4%) 

   Numbers 11089 (29.6%) 20837 (32.6%) 31926 (31.5%) 

   Proportions 11295 (30.2%) 17180 (26.9%) 28475 (28.1%) 

   Relations 7167 (19.1%) 11023 (17.3%) 18190 (18.0%) 

F-level 
   

   1F 5537 (14.8%) 7349 (11.5%) 12886 (12.7%) 

   2F 20396 (54.5%) 34628 (54.3%) 55024 (54.3%) 

   3F 11511 (30.7%) 21849 (34.2%) 33360 (32.9%) 

number of end tests 
   

   1 4254 (11.4%) 10339 (16.2%) 14593 (14.4%) 

   2 9418 (25.2%) 16572 (26.0%) 25990 (25.7%) 

   3 9947 (26.6%) 17306 (27.1%) 27253 (26.9%) 

   4 13825 (36.9%) 19609 (30.7%) 33434 (33.0%) 
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Figure 4. End and initial tests distribution throughout the measured school year. 

 

Figure 5. General activity in the measured period. Distribution of the content viewed and answer submitted 
events 
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4.1.2 DIFFERENCES BETWEEN LEVELS 

An important finding was the difference in Measurements between levels. Assuming 

that every student was working on his or her own level (which is more likely for students who 

made both the initial and end test), students at the level 1F are scoring relatively better than 

students at 2F and 3F. This is clearly visible in the grade distributions (Figure 6). Even after 

transforming scores to grades, performance distribution at level 1F is still left skewed. 

Technically, it is plausible that higher level students completed end tests at level 1F. 

However, this seems less likely for students who also made an initial test, but also since 

students submitting level 1F end tests did so for three domains on average. It is unlikely that 

students consistently completed these tests if this was not their study level.   

Table 7 shows the differences of F-levels within the subset that started with the 

completion of an initial test (used for the testing of the hypotheses). All variables are shown 

without transformation, and the range and missing values are omitted to reduce the table 

length. Appendix C shows the transformed variables with their ranges and missing values 

included.  

By looking at those averages, students at level 1 submitted more assessments in more 

domains, were more days active, less irregular, had almost 50% more online sessions and also 

submitted more assessments at the other levels within domains.  The latter may not be too 

surprising as students at level 1 have more to gain from assessments at the higher levels than 

level 3 students have from lower levels.  

As the number of total available lessons to cover at 2F and 3F included additional 

practice questions that were not available at 1F, the average percentage of lesson exercises 

covered is clearly lower for 2F and 3F (1F: 33%, 2F:26%, 3F: 12%). However, the average 

content viewing time of lesson exercises is also higher at 1F. The coverage of lesson tests is 

the lowest at 3F (1F: 32%, 2F:40%, 3F:29%), but lesson test content viewing time was 

actually the highest at this level. As the content viewing time correlated highly at all F-levels, 

this implies that students at 3F spent more time viewing lesson tests than students at other 

levels. 
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Table 7 Summary of Measurements for F-Levels with initial performance available and no 

missing values for submission irregularity 
Metric name  1F (N=3087) 2F (N=14331) 3F (N=6728) Total (N=24146) 

end grade 
    

   Mean (SD) 6.72 (1.72) 6.00 (1.76) 6.06 (1.65) 6.11 (1.74) 

initial grade 
    

   Mean (SD) 5.98 (1.64) 5.36 (1.53) 5.44 (1.49) 5.46 (1.54) 

submission days 
    

   Mean (SD) 7.01 (4.23) 5.82 (2.82) 5.25 (2.45) 5.82 (2.99) 

submission irregularity  
    

   Mean (SD) 9.92 (11.83) 9.86 (11.78) 10.72 (12.56) 10.11 (12.02) 

period last assessment and end test 
    

   Mean (SD) 19.26 (20.82) 20.36 (23.46) 18.67 (21.02) 19.75 (22.49) 

period first assessment and end test 
    

   Mean (SD) 73.75 (48.32) 70.89 (44.82) 66.50 (42.18) 70.04 (44.64) 

orientation test completion (%) 
    

   Mean (SD) 0.24 (4.77) 1.60 (12.39) 1.79 (12.84) 1.48 (11.84) 

orientation test completion at other levels (%) 
    

   Mean (SD) 0.19 (4.36) 0.05 (1.89) 0.00 (0.00) 0.05 (2.13) 

additional initial tests 
    

   Mean (SD) 1.06 (0.27) 1.07 (0.35) 1.05 (0.33) 1.07 (0.34) 

topics covered by lesson exercises (%) 
    

   Mean (SD) 33.34 (25.74) 16.34 (11.77) 11.58 (8.91) 17.19 (15.22) 

topics covered by lesson exercises at other levels (%) 
    

   Mean (SD) 3.21 (8.94) 1.01 (4.31) 0.27 (2.21) 1.08 (4.83) 

topics covered by lesson tests (%) 
    

   Mean (SD) 38.02 (31.92) 39.55 (26.81) 28.88 (23.06) 36.38 (26.96) 

topics covered by lesson tests at other levels (%) 
    

   Mean (SD) 3.87 (12.74) 0.78 (4.63) 0.17 (2.18) 1.01 (6.01) 

initial test CV time 
    

   Mean (SD) 47.11 (32.53) 37.30 (26.10) 47.28 (35.35) 41.33 (30.19) 

les exercises CV time 
    

   Mean (SD) 126.55 (116.66) 118.30 (96.57) 115.61 (107.34) 118.61 (102.45) 

lesson tests CV time 
    

   Mean (SD) 33.27 (33.55) 32.18 (30.67) 34.91 (38.42) 33.08 (33.39) 

end test CV time 
    

   Mean (SD) 34.49 (20.81) 33.18 (15.20) 42.91 (20.59) 36.06 (18.14) 

level-wide tests 
    

   Mean (SD) NA 0.10 (0.38) 0.11 (0.49) 0.09 (0.39) 

sessions 
    

   Mean (SD) 32.51 (17.80) 23.59 (12.84) 21.85 (12.34) 24.25 (13.83) 
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Metric name  1F (N=3087) 2F (N=14331) 3F (N=6728) Total (N=24146) 

end test order index 

   1 1096 (35.5%) 5773 (40.3%) 3266 (48.5%) 10135 (42.0%) 

   2 1058 (34.3%) 4751 (33.2%) 2038 (30.3%) 7847 (32.5%) 

   3 698 (22.6%) 2497 (17.4%) 973 (14.5%) 4168 (17.3%) 

   4 235 (7.6%) 1310 (9.1%) 451 (6.7%) 1996 (8.3%) 

 

domain     

   Measurements 1040 (33.7%) 2901 (20.2%) 1383 (20.6%) 5324 (22.0%) 

   Numbers 684 (22.2%) 4537 (31.7%) 2426 (36.1%) 7647 (31.7%) 

   Proportions 938 (30.4%) 4477 (31.2%) 1872 (27.8%) 7287 (30.2%) 

   Relations 425 (13.8%) 2416 (16.9%) 1047 (15.6%) 3888 (16.1%) 

number of end tests 
    

   1 250 (8.1%) 1698 (11.8%) 1051 (15.6%) 2999 (12.4%) 

   2 650 (21.1%) 3865 (27.0%) 1997 (29.7%) 6512 (27.0%) 

   3 912 (29.5%) 4004 (27.9%) 1656 (24.6%) 6572 (27.2%) 

   4 1275 (41.3%) 4764 (33.2%) 2024 (30.1%) 8063 (33.4%) 

 

 

 

Figure 6. Grade differences between levels. 
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4.1.2.1 Differences between domain-levels 

Average assessment activity and grades differed across domains within levels   

(Table 8). This overview provides insight about the general effectiveness of Rekenblokken per 

domain-level. Remarkably, the domain Numbers is the biggest but only at the 1F level this 

was also the most worked with in terms of total submitted questions and number of active 

days. This may explain the differences in learning gain between the levels at this domain. 

Students at 2F and 3F had the lowest learning gain on average for Numbers.  Interestingly, at 

the same levels the average assessment activity was highest for Measurements.      

At 1F, the least performance is gained at Proportions while most lesson tests were covered, 

and the most performance is gained at Relations where both lesson tests and exercises were 

the least covered and assessment was most irregular. Because the highest learning gain was 

achieved with the least submission activity, this had a strong impact on the analyses. At 2F, 

the least performance was gained at Numbers and by far the most at Relations. At 3F, these 

were respectively Numbers and Measurements where most lesson tests were covered but the 

least lesson exercises. Again, the strong domain-level specific Relations between gained 

learning performance and submission activity was likely to have a strong impact on the 

general results per F-level.  

 

Table 8 Brief summary of variables by domain-level 

Domain F-level end grade 
initial 

grade 

lesson 

exercises 

topics 

covered 

by lesson 

tests 

topics 

covered 

by lesson 

exercises 

assessment 

days 

assessment 

irregularity  

number 

of 

students  

Numbers 1F 7.39 6.71 18.32 34.71 34.41 8.60 8.21 684  

Measurements 1F 6.42 5.60 11.66 37.96 37.96 6.79 9.89 1040  

Relations 1F 7.90 7.07 24.99 30.65 14.97 4.50 11.20 425 

Proportions 1F 6.04 5.37 9.22 43.86 35.77 7.22 10.61 938  

Numbers 2F 5.81 5.60 7.68 39.06 17.88 5.86 7.82 4537  

Measurements 2F 5.82 5.28 2.48 39.77 18.10 5.94 10.30 2901  

Relations 2F 6.89 5.35 1.61 42.94 17.23 5.87 9.84 2416  

Proportions 2F 5.84 5.16 3.49 38.06 13.18 5.68 11.66 4477  

Numbers 3F 6.05 5.73 1.47 30.20 12.30 5.30 8.53 2426  

Measurements 3F 6.15 5.37 0.50 25.35 14.11 5.72 12.34 1383  

Relations 3F 5.92 5.29 0.71 31.68 11.69 4.74 10.62 1047  

Proportions 3F 6.08 5.22 1.32 28.22 8.72 5.14 12.43 1872  
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4.2 Correlations of the analysis variables 

Because the focus of the analysis is on the subset with initial performance known, 

correlation heat maps are only shown for the three F-levels within this subset (Figure 7). Heat 

maps were chosen as they provide a better global impression in less space (see appendix D for 

the correlation values). All visible circles are significant effects. The focus of the correlation 

description focuses on the hypotheses variables. 

Overall, the correlations are quite similar in terms of signs and proportions. Most 

notable is that correlations at 1F were stronger compared to both 2F and 3F. Moreover, 

variables correlating with initial grade did to a lesser extent also correlate with end grade (and 

correlated with a inversed signed correlation with end test content viewed time). As was 

expected, a high correlation was present between initial grade and end grade. Interestingly, 

the only positive correlations with both grades at 1F are lesson exercises and lesson tests at 

higher levels (2F and 3F). As these correlated negatively with the same variables at 1F itself, 

it seemed that students that scored relatively high on the initial score were “ready” for the 2F 

level and students that scored relatively low continued with lesson assessments at 1F. The 

same correlations were present to a lesser extent at 2F. All students at 1F eventually have to 

be able to reach the 2F level, while only a part of students at 2F  need to reach the 3F level 

afterwards.  

The negative correlation between lesson assessments and the end grade is also 

explained by better students who are initially score high, are making less assessments. This is 

likely a sign of student sufficiency that is not completely due to the adaptiveness of learning 

material (students who did not make the initial test did also not make all available lesson 

assessments). Because the correlation between lesson assessments at 1F and end grades is 

lower than between these assessments and initial grades, it does not exclude a positive effect 

on end grade while the initial grade is controlled for. The same applies to the number of 

assessment days, which also strongly correlated with lesson exercises, lesson tests and total 

sessions in the school year. The irregularity of assessment days had lower correlations in 

general. The highest correlation was with the period between the first activity and the end test. 

A small positive correlation was present with the orientation test and negative correlations 

were present with the lesson assessment variables. At 1F, the irregularity had a mall positive 

correlation with assessments at higher levels. So (at least at 1F) the irregularity measurement 

may be biased as students that make higher level assessments do this more irregular. Based on 
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the correlations of assessment and the variables of the assessment days and irregularity, it 

seemed that more assessment submissions were already more spread in time on average.  

At all levels, end test content viewing time correlated with initial test content viewed 

times. Interestingly, there was no present correlation between initial test CV time and initial 

grade, while there was a negative correlation between end CV time and end grade. The former 

is partly explained by the correlation between additional initial tests and initial test CV time, 

which includes the CV time for all initial tests. This also implies that additional initial tests 

were utilized to a notable extent.   

The highest correlations were between lesson assessments and content viewed times 

which lead to multicollinearity. Content viewed times of lesson tests were omitted from the 

analysis at all three levels and the content viewed times of lesson exercises was omitted at 

level 1F only.  

 

4.3 Testing of the hypotheses 

The hypotheses of this study were divided over the three categories for learning topics 

covered by assessment, temporal distribution of assessment and initial score influences. The 

overview of the support and rejection of the hypotheses is shown at the end of the section. 

Partial hypothesis support is highlighted dark green in the regression results (Table 11). 

The differences in unexplained variance between the F-level models can be seen in 

Table 9. Based on these empty models were only the student id was known, the model for 1F 

had the lowest ICC and the most unexplained variance at the end test compared to 2F and 3F. 

Total variance was the least at 3F, although these differences were small.  The biggest notable 

difference was the student level variance that was the highest at 2F. Since no class or school 

data was available, these influences are indirectly accounted by the student level.  
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Figure 7. Correlation heat maps of the variables at each F-level (3F  can be found on the next page) 

Correlations 2F 

Correlations 1F 
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Figure 7 Continued.  Heat map of correlations at 3F. 

 

 

Table 9 Null-models per F-level where initial performance was known 

Null-models 1F 

n=3087  

2063 students 

2F 

n=14322  

9401 students 

3F 

n=6725  

4771 students 

Intercept 6.71 5.95 6.03 

Variance at level 1  

(domain-level cases) 
1.92 1.72 1.68 

Variance at level 2  

(students) 
1.05 1.37 1.04 

Intraclass correlation 0.35 0.44 0.38 

 

 

 

Correlations 3F 
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4.3.1 EFFECTS OF LEARNING TOPICS  COVERAGE BY ASSESSMENT (HYPOTHESIS 1) 

 
H1: Students who cover more learning topics by assessment within a course domain, score 

better on the domain end test. 

 

This hypothesis was tested for lesson tests and lesson exercises.  Three out of six 

tested effects supported H1. The effect of topics covered by lesson exercises (pd) did not 

support hypothesis 1 at 2F (ß=0.10, t=3.32, p<.001)  but not at 1F (ß=0.06, t=1.90, p<.1) 

and 3F (ß=0.10, t=2.01, p<.05). The effect at 3F did not meet the set significance level 

which is explained by the high standard error (SE). This implies that the assumed benefits 

of submitted domain-specific lesson exercises differed strongly between cases, influenced 

by (unmeasured) aspects. Lesson test completion (pd) had a higher average effect across 

the domains. Partial support was found at 1F (ß=0.11, t=3.33, p<.001) and 3F (ß=0.16, 

t=4.35, p<.001) but not at 2F (ß=0.06, t=2.36, p<.05).  

The reason why lesson tests may have been more beneficial than lesson exercises 

could be explained by the combination of immediately available correctness feedback 

and the coverage of one complete learning topic. Teachers indicated that students were 

motivated by announced lesson tests. Why the effect was lower at 2F, remained 

unexplained. More intuitively, the difference in effects for lesson exercises could be due 

to learning capability or motivation at the higher levels. However, this could only be a 

reasonable explanation as the same differences between the levels was present for lesson 

tests, because there is no reason to assume that 2F students would be less motivated by 

lesson tests. 

 

4.3.2 TEMPORAL DISTRIBUTION OF ASSESSMENT (HYPOTHESES 2 & 3) 

 
H2: Students who submit assessments over more separate days, score higher on the end test.  

 

Hypothesis 2 was tested by the effects of submission days (pd). Surprisingly, the 

hypothesis was fully rejected. No effects were found for the number of domain-specific 

assessment submission days and even a negative trend seemed present (1F: ß=-0.03, t=-

0.51, p>.1; 2F: ß=-0.02, t=-0.65, p>.1; 3F: ß=-0.06, t=-1.09, p>.1).  
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Again, the SE indicated that the measured effects of the number of assessment 

days were highly influenced by other factors. The high SE may indicate that some 

students did benefit from submitting assessments over separate days, while weaker 

students did perform relatively worse despite the number of assessment days.  

 

H3: Students who submit assessments less regularly, score lower on the end test.    

 

Hypothesis 3 was tested by submission irregularity (pd) and was also fully 

rejected. No support was found for the negative effect of assessment irregularity (pd) (1F: 

ß=0.08, t=2.14, p<.05; 2F: ß=0.00, t=0.17, p>.1; 3F: ß=0.01, t=0.39, p>.1). Surprisingly, 

the effect at 1F had a positive correlation with end performance. This may be explained 

by better learning students accumulating their work, with the absence of better learning 

students who achieved the same with regular assessment.  

This is in line with the knowledge about students working at 1F, which can be 

divided over the group with severe calculating difficulties and the group that has to 

refresh or catch up on their knowledge and skills. The latter group may cause the found 

effect, assuming that these groups had equal initial grades. The difference between initial 

performance and irregularity (hypothesis 5.3) slightly suggests the same, although overall 

SEs at 1F and the unexplained variance at the student level in the null-models do not 

seem to support the presence of these two distinctive student groups.  

At all three levels, the absence of both the submission days and irregularity effect 

suggests that temporal distribution of assessments in general does not improve SRL that 

leads to increased end performance. 

 

4.3.3 INFLUENCE OF INITIAL PERFORMANCE (HYPOTHESES 4 & 5) 

 
H4: Students who score higher on the initial test within a course domain, score higher on 

the domain end test.  

 

This hypothesis was fully supported. Domain-specific initial score (pd) had a 

consistent and high effect at all F-levels (1F: ß=0.40, t=12.45, p<.001; 2F: ß=0.16, 

t=8.56, p<.001; 3F: ß=0.16, t=5.78, p<.001). This is in line with higher education 
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research where prior performance has found to have major effects on end performance 

across studies. The differences in effects between the F-levels will be discussed in 

combination of other findings. 

 

H5.1:  For students who score lower than 50% on the initial test within a course domain,  

the effect of submitted assessments on the end test score within the domain is stronger than 

for students who score higher than 50% on that initial test. 

 

This hypothesis was tested with the interaction between low initial performance 

(LIP) and the two lesson assessments (pd). The hypothesis was fully rejected. Both lesson 

exercises (1F: ß=-0.02, t=-0.44, p>.1; 2F: ß=-0.08, t=-2,09, p<.05; 3F: ß=-0.15, t=-2.34, 

p<.05).  and lesson tests (1F: ß=-0.04, t=-0.74, p>.1; 2F: ß=0.02, t=0.59, p>.1; 3F: ß=-

0.11, t=-2.15, p<.05) did not benefit initially low performing students more than initially 

high performing students. Lesson exercises At the contrary, negative effects for both 

lesson assessments were present at 3F. 

Although the set significance level was not met, it can be concluded that weak 

students did benefit less from lesson assessments within domains. To a lesser extent, the 

same effect was present at 2F for lesson exercises. A possible explanation is given in 

combination with the findings of hypotheses 5.2 and 5.3. At least it seems that weaker 

students did not benefitted more from the direct testing effect or developed a more 

effective SRL through assessments. Nevertheless, the absence of strong and significant 

effects at 1F and 2F implies that weaker students did also not benefit less from 

assessments than stronger students in general. 

 

H5.2: For students who score lower than 50% on the initial test within a course domain,  the 

effect of active assessment days on the end test score within a course domain is stronger 

than for students who score higher than 50% on that initial test. 

 

This hypothesis was fully rejected. There was a positive trend for the interaction 

effect between LIP and the number of assessment days (pd) that seemed to be higher per 

increased F-level (1F: ß=0.03, t=0.43, p>.1; 2F: ß=0.07, t=1.72, p>.1; 3F: ß=0.10, t=1.60, 

p>.1). Although the effect size is relatively high at 3F, the high SE indicates again how 
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much this effect differed between cases and explains the insignificance of the effect. At 

1F the SE was even twice the estimated effect size.  

 

H5.3: For students who score lower than 50% on the initial test within a course domain,  the 

effect of regularity on the end test score within a course domain is stronger than for 

students who score higher than 50% on that initial test. 

 

This hypothesis was also fully rejected. No effects were present for the interaction 

between LIP and submission irregularity (pd), although effects at 1F and 3F were more 

similar compared to the effect at 2F (1F: ß=-0.06, t=-1.17, p>.1; 2F: ß=0.00, t=-0.18, 

p>.1; 3F: ß=-0.08, t=-1.86, p<.1). Note that the negative sign of effects here are as 

expected and therefore closer to supporting the hypothesis.  

For various tested variables the SE indicate high unexplained variance and this 

was the highest for the interaction variables of hypothesis 6. To be able to make more 

informed claims about the effects of assessment and assessment regularity, factors need 

to be implemented to explain the unexplained variance of the effects.  

Based on the current findings, it seemed that assessments were more difficult for 

weaker students and they would need to assess more, but they do seem to benefit from 

the temporal distribution over days of those assessments, the clearest at 3F. At least two 

interesting explanations seem plausible. First, the learning topics are the most difficult at 

3F and therefore more related to higher education, making the effects that are based on 

higher education more relevant. Second, the effects at 3F could be explained by taking 

into account the different student groups that make use of Rekenblokken. At 1F and 2F, 

students are either at or below their required level while at 3F every student is at their 

required level. Thus, measurement at 3F may be “purer” in that perspective. 

 

4.3.4 HYPOTHESES OVERVIEW 
The partial supports and rejects are shown in Table 10. Only the hypothesis of 

initial grade was consistently supported. In total only five tested effects were partly 

supportive, while three effects were below the appropriate significance level and two 

effects did even support the opposite of the hypotheses. 
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Table 10 Hypotheses results overview per F-level 

Hypothesis tested metrics 1F 2F 3F 

H1. Learning 

topics covered 

topics covered by lesson exercises 

(pd) 

topics covered by lesson tests (pd) 

- 

+ 

+ 

. 

. 

+ 

H2 number of 

assessment days 

submission days (pd) - - - 

H3 irregularity of 

assessment days 

submission irregularity (pd) (-) - - - 

H4 initial 

performance 

initial grade (pd) + + + 

H5.1 initial 

performance:  

learning topics 

initial performance*topics covered 

by lesson exercises (pd) 

initial performance*topics covered 

by lesson tests (pd) 

- 

 

- 

- 

 

- 

- 

 

- 

H5.2 initial 

performance:  

assessment days 

initial performance*submission 

days (pd) 

- - . 

H5.3 initial 

performance:  

irregularity of 

assessment days 

initial performance*submission 

irregularity (pd) (-) 

- - - 

Note: + =  partial support, . =  non-significant support , - =  rejection 

 

4.4 Additional findings 

Three more findings are described in order to provide a more complete view of the 

VLE activity in this SVE study. These are the consistent positive effect of students’ 

lesson test assessment in general, the differences in initial performance effects and the 

strong positive consistent effect of domains covered.   

 

4.4.1 PERSONAL MEANS OF LESSON ASSESSMENTS 

 This study focused on the personal deviation effects of assessment as these 

represent a more “true” practice effect than the personal means effects that represent the 

student’s activity in general. Interestingly, effects of topics covered by lesson exercises 

(pm) were absent, but the effects of topics covered by lesson tests (pm) were consistent 

across the F-levels.  
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The effect size clearly higher at 3F and the significance increased per F-level (1F: 

ß=0.13, t=3.73, p<.001; 2F: ß=0.12, t=6.58, p<.001; 3F: ß=0.24, t=8.18, p<.001).  

These findings suggest that lesson tests were both a beneficial tool to improve 

domain-specific end test performance, but also a tool that was related to students that 

performed better in general. Lesson exercises were more likely to be beneficial for 

domain-specific performance, but students who submitted more lesson exercises in 

general were less likely to be better performing students. 

 

4.4.2 INITIAL PERFORMANCE AND TOTAL EXPLAINED VARIANCE PER F-LEVEL 

  Although initial performance was expected to have a strong effect on end 

performance, a novel finding were the effect differences across the F-levels. In 

combination with initial performance (pm), the initial grades determined most of the end 

grades at 1F and the least at 3F. This suggests that a relatively bigger change in 

performance (as a proxy for learning) was realized at higher levels and therefore the 

average learning gain (by any factor) was higher here. However, these changes in 

performance could not be explained by lesson assessments effects which were not the 

lower at 1F. In fact, the end grades in general could be best explained at 1F and the 

lowest at 3F according to the remained unexplained variance of the models (1F: 1.34, 2F: 

2.00, 3F: 2.24).  

Note that the employed robust analysis method “moved” the unexplained variance 

at the student level to the end test level (for analysis method details, see Appendix E). By 

running the non-robust regression, the unexplained variance at both levels are the lowest 

at 1F and the highest at 3F. Remarkably, the null-models showed the exact opposite 

where unexplained variance at the end test level was the highest at 1F and the lowest at 

3F (Table 9). However, this is not an equal comparison as the null-models included 

students with missing values for e.g. assessment regularity.  

 

4.4.3 NUMBER OF DOMAINS COVERED 

At 1F, there was a tendency of a positive effect of the end test order index on end 

grades. This indicates that students seemed to perform better through time (up to ß=0.26 

for the fourth domain end tests, compared to the first end tests). However, high SE values 
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indicate the high variety of this effect between cases. This could again be explained by 

the student characteristics at 1F, where one group was likely to have severe learning 

difficulties and another group that were better learners.  

Interestingly, at 2F the effect of the end test order showed an opposite trend (up to 

ß=-0.19 for the fourth domain end tests, compared to the first end tests). SE values were 

relatively smaller. A possible reason why this was this effect was more negative at 2F 

because of motivation throughout the year. This was known to be an issue as indicated by 

teachers, but it seemed to be only a general issue at 2F. This “sufficiency” attitude is 

more likely to apply to students that did not have to master the 3F level. At 3F neither 

effects were present. It must be noted that the different orders in which domains were 

made, were not investigated and may be more informative.  

On top of the other effects,  a consistent effect was present for the total number of 

end tests a student made in the school year. This is equivalent to the number of domains 

covered. Students who covered more domains in one year, scored higher on average (up 

to ß=0.34 at 1F, ß=0.74 at 2F, ß=0.89 at 3F). This effect was higher for higher F-levels. 

This may explain the small influence of other temporal variables if students covered 

domains at their own pace (due to learning effectiveness or the parallel occupation by an 

internship). Note that this is effect could be explained by unmeasured learning ability 

(including e.g. motivation), but not be explained by students’ initial performance. The 

effect may also be allocated to teachers or institution regulations. This effect would be 

more practically valuable if it was caused by a certain effective usage of the VLE rather 

than only contextual factors like learning or teaching ability. The effect of the end test 

index order at 1F is more likely to be a positive effect caused by sustained VLE usage or 

experience and therefore already more practically valuable. Notably, the number of total 

sessions throughout the year was consistently negative (due to various factors, e.g. 

learning difficulty or simultaneous online distractions). the number of sessions either 

represented non-assessment activity or the spread over sessions it took a students to 

submit assessments. Non-assessment activity was either looking at the dashboards 

(including the score overview) or assessment content viewing without actual submission 

afterwards. 
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Table 11. Multi-level regression results per F-level. Hypothesis support is highlighted with green and opposite 

effects as expected are highlighted with red. Grey highlighting effects did not met the required significance level 

to qualify as hypothesis support.   

 1F  

n end tests = 3 087 

n students = 2 063 

2F 

n end tests = 14 308 

n students =9 391 

3F 

n end tests = 6 713 

n students =4 765 

 

Variable metric 

 

β 

 

SE t p
a 

 

β 

 

SE t 

 

p
a 

β 

 

SE t p
a 

(Intercept) 6.45 0.13 49.76 *** 5.34 0.06 87.39 *** 5.36 0.09 61.90 *** 

H1 topics covered by lesson exercises (pd) 0.06 0.03 1.90 . 0.10 0.03 3.32 *** 0.10 0.05 2.01 * 

H1 topics covered by lesson tests (pd) 0.11 0.03 3.33 *** 0.06 0.02 2.36 * 0.16 0.04 4.35 *** 

H2 submission days (pd) -0.03 0.05 -0.51  -0.02 0.04 -0.65  -0.06 0.06 -1.09  

H3 submission irregularity  (pd) 0.08 0.04 2.14 * 0.00 0.02 0.17  0.01 0.03 0.39  

H4 initial grade (pd) 0.40 0.03 12.45 *** 0.16 0.02 8.56 *** 0.16 0.03 5.78 *** 

H5.1 LIP*topics covered by lesson exercises 

(pd) -0.02 0.05 -0.44  -0.08 0.04 -2.09 * -0.15 0.07 -2.34 * 

H5.1 LIP*topics covered by lesson tests (pd) -0.04 0.05 -0.74  0.02 0.03 0.59  -0.11 0.05 -2.15 * 

H5.2 LIP*submission days (pd) 0.03 0.06 0.43  0.07 0.04 1.72 . 0.10 0.06 1.60  

H5.3 LIP*submission irregularity  (pd) -0.06 0.05 -1.17  0.00 0.03 -0.18  -0.08 0.04 -1.86 . 

 

Control variables 

            

submission days (pm) 0.03 0.05 0.64  -0.02 0.03 -0.55  0.00 0.05 -0.10  

domain Measurements -0.61 0.09 -6.73 *** 0.10 0.05 2.01 * 0.24 0.08 3.12 ** 

domain Relations 0.44 0.13 3.30 *** 1.16 0.06 20.65 *** 0.04 0.09 0.51  

domain Proportions -0.75 0.09 -8.56 *** 0.14 0.05 3.00 ** 0.23 0.07 3.21 ** 

end test order index 2 0.13 0.07 1.84 . -0.13 0.05 -2.75 ** -0.12 0.07 -1.69 . 

end test order index 3 0.20 0.09 2.09 * -0.14 0.06 -2.39 * -0.09 0.09 -0.94  

end test order index 4 0.26 0.13 1.95 . -0.19 0.07 -2.60 ** -0.08 0.12 -0.66  

end test CV time (pd) 0.05 0.03 2.02 * -0.08 0.02 -4.47 *** -0.01 0.02 -0.58  

end test CV time (pm) 0.01 0.03 0.50  -0.04 0.02 -2.29 * 0.06 0.02 2.81 ** 

initial test CV time (pd) -0.10 0.03 -2.94 ** -0.05 0.02 -2.24 * -0.04 0.03 -1.40  

initial test CV time (pm) 0.08 0.05 1.73 . 0.04 0.03 1.37  0.07 0.04 1.53  

initial grade (pm) 1.00 0.04 23.47 *** 1.01 0.02 44.57 *** 0.75 0.04 21.26 *** 

LIP -0.69 0.07 -9.72 *** -0.27 0.04 -7.08 *** -0.19 0.06 -3.23 ** 

topics covered by lesson exercises  

at other levels (pd) 0.04 0.02 1.96 * 0.02 0.01 1.11  0.00 0.03 -0.07  

topics covered by lesson exercises  

at other levels (pm) 0.02 0.02 0.83  0.06 0.02 3.49 *** -0.04 0.04 -1.02  

topics covered by lesson exercises (pm) 0.05 0.04 1.35  0.04 0.03 1.45  -0.02 0.05 -0.35  

les exercises CV time (pd) - - -  0.02 0.02 0.94  0.04 0.03 1.02  

les exercises CV time (pm) - - -  0.08 0.03 2.63 ** 0.07 0.04 1.61  

Continues on next page
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topics covered by lesson tests at other levels (pd) 0.00 0.02 -0.21  0.00 0.02 -0.06  -0.03 0.05 -0.58  

topics covered by lesson tests at other levels (pm) 0.05 0.02 2.16 * 0.07 0.02 3.27 ** 0.07 0.05 1.41  

topics covered by lesson tests (pm) 0.13 0.03 3.73 *** 0.12 0.02 6.58 *** 0.24 0.03 8.18 *** 

level-wide tests (pd) - - -  0.02 0.01 1.56  -0.01 0.02 -0.62  

level-wide tests (pm) - - -  0.01 0.01 0.52  -0.02 0.02 -0.94  

number of end tests 2 0.26 0.10 2.60 ** 0.28 0.05 5.44 *** 0.41 0.07 5.68 *** 

number of end tests 3 0.29 0.11 2.50 * 0.50 0.06 8.23 *** 0.57 0.09 6.22 *** 

number of end tests 4 0.34 0.12 2.70 ** 0.74 0.07 10.87 *** 0.89 0.10 8.85 *** 

additional initial tests (pd) 0.14 0.04 3.58 *** 0.07 0.02 3.22 ** -0.05 0.04 -1.44  

additional initial tests (pm) 0.05 0.04 1.18  0.12 0.03 4.76 *** 0.16 0.04 4.00 *** 

orientation test completion (pd) -0.04 0.05 -0.83  0.05 0.01 3.33 *** 0.05 0.02 2.36 * 

orientation test completion (pm)  -0.22 0.08 -2.77 ** 0.04 0.02 1.84 . 0.01 0.03 0.33  

period first assessment and end test (pd) -0.07 0.05 -1.40  -0.04 0.03 -1.64  0.06 0.04 1.37  

period first assessment and end test (pm) -0.02 0.05 -0.32  -0.02 0.03 -0.60  0.05 0.04 1.15  

period last assessment and end test (pd) 0.01 0.03 0.53  0.02 0.02 1.05  -0.01 0.02 -0.37  

period last assessment and end test (pm) -0.06 0.03 -1.62  0.02 0.02 1.05  0.03 0.03 1.01  

submission irregularity  (pm) 0.00 0.04 -0.04  0.00 0.02 -0.01  0.00 0.03 0.12  

sessions (pm) -0.16 0.04 -4.19 *** -0.10 0.03 -4.02 *** -0.21 0.04 -5.35 *** 

          

  Variance   Variance   Variance  

end test residualsb  1.34   2.00   2.24  

a) Significance values: *** p<.001, **p<.01, * p<.05,  . p<.1 

b) robust method used removes residuals at the student level 
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5 Conclusion and Discussion  

This study investigated a VLE course that was used by multiple institutions in 

secondary vocational education (SVE). First of all, it must be noted that differences were 

present within SVE. Effects differed across the F-levels which state the level of required 

calculation skills for Dutch SVE students. Differences seemed to be even present 

between course domains within these levels. If the domains would be considered 

different courses, it would still be expected that outcomes between domains were 

consistent as they would be similar mathematics courses with similar features (Conijn et 

al., 2017; Gašević et al., 2016).  

Due to the differences between the F-levels, each hypothesis was partially tested 

for each F-level. It tested the effects of students’ assessment submission, assessment 

regularity and initial performance on end performance within the different number of 

domains the students covered. The tested effects are summarized as answers to the 

research questions, limitations are described and future directions are proposed.  

 

5.1 Results and insights 

 

Do VLE practice testing assessment and regular assessment of SVE students increase end 

test performance across unknown learning contexts?   

The coverage of learning topics by assessment had a positive effect on end 

performance in general, but not consistently which was due to high differences between 

cases (high standard errors).  Both the number of assessment days and assessment 

regularity seemed not to affect end performance, which suggests that the temporal 

distribution of assessment over days did not improve effective self-regulated learning 

(SRL) or the current method was inappropriate.  

 

What is the effect of initial performance? Do assessment and regularity effects differ 

between initially weaker and stronger students? 

Initial performance was found to determine end performance across the three F-

levels. Differences between initial high and low performing students seemed to be only 

relevant at 3F. The number of assessments were more beneficial for stronger students. 
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However, regularity between assessment days seemed to be more effective for students 

who initially scored low (although not significantly according to the set requirement of 

α=.99).  

The suggestive negative effect of assessments for weaker students at 3F is 

practically troublesome. Assessments that provide scores may improve SRL and reduce 

overconfidence, but low scores could also lead to testing anxiety and lower engagement 

in tests (Andrade & Valtcheva, 2009; Gipps, 1994). This is especially relevant for Dutch 

SVE. Some students had already been aware of their mathematical underperformance at 

elementary and high school and scored assessments may increase their anxiety for both 

testing and mathematics. This focus on personal mastery is also related to a higher quality 

of student learning, depends on the teaching approach (Trigwell, Prosser, & Waterhouse, 

1999). However, the focus on student mastery is also an implication for VLE course 

design. 

 

5.2 Limitations 

5.2.1 MEASUREMENT OF ASSESSMENT AND REGULARITY 

The “rough” measurement of assessment submission without further specification 

is appropriate to find the effect on performance (Angus & Watson, 2009). However, since 

class data was unknown (due to privacy regulations), the effects of assessment may be 

biased if students with better or motivating teachers submitted more assessments. 

   The regularity measurement was based on the number of days a student 

submitted at least one question (in the case of a lesson exercise). This was based on 

submissions of all assessments of all levels within the domain. The number of days 

between assessment days was left out of the analysis as it had no explanatory value.  

A closer inspection of session data without assessment could give a better 

impression of domain periods and the consistency and intensity of assessment activities 

throughout this period. This was done by Knight (2010) and also offers the possibility to 

investigate cramping of VLE activity. However, it could also be that offline activity 

makes online measurements little informative. 
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5.2.2 ONLINE AND OFFLINE ACTIVITY  

Even though the analyzed subset of data was rather big (n=25k), this was only 

about 25% of all initially selected cases. The requirement for the subset were a completed 

initial test at the beginning of the domain period to control for initial performance and at 

least three days of assessment to measure regularity. Given the design of the VLE, this 

should not have been such a specific requirement. Moreover, there were cases in which 

only end tests were submitted (n=3.8k). This suggests that online activity was not 

prevalent over offline activity. Students and teachers may perceive testing as a useful tool 

to evaluate their learning, but not as a tool to improve learning (McDaniel et al., 2011). 

Another issue is that generally low performing students perform better  in 

traditional courses (Asarta & Schmidt, 2017). Teachers that used the VLE of this study, 

also indicated that they prefer to let students practice with pencil and paper on harder 

topics. Besides, students who preferred traditional courses were found to be more focused 

on mastery (in higher education). However, the added value of personal preferences on 

top of VLE data regarding student performance, may be questioned (Tempelaar et al., 

2015).  

 

5.3 Research directions 

Inherently for VLE-based studies, future research can be proposed that combines 

VLE data with various contextual data obtained by “offline” or qualitative methods. 

However, the proposed research directions follow the same philosophy to utilize scaled 

VLE data by educational grounding.  

5.3.1 INVESTIGATING SEPERATE LEVELS OF SVE 

The findings suggest that research does not only need to take into account the 

differences between higher education and SVE, but also the differences within SVE. 

Several effects showed trends that either increased or decreased per F-level. Moreover, 

also the unexplained variance was the lowest at 1F and the highest at 3F while this 

student group was the most “pure” compared to the lower F-levels where it was unknown 

if these students were already at their appropriate level or not. Simply implementing the 
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required F-level a student has to meet could already reveal interesting insights.  

A small but important remark is that studies of similar VLE courses could help to 

establish more fundamental research in the learning analytics field for (S)VE.       

 

5.3.2 TOTAL VLE EXPERIENCE AND PATTERNS OF DOMAIN COVERAGE 

It may be insightful to track students online activity of their complete experience 

period with the VLE. This study had to leave this uninvestigated, but the disentanglement 

of longer and sequential VLE usage is expected to reveal insights about the relation 

between end performance, motivation and online activity over time. Within a smaller 

period of time, it has already been found that learning styles differ over time within 

students (Corbet, 2018). 

Moreover, first year VLE assessment experience is indicated as an important topic 

in order to foster long-time engagement and learning in higher education (Cole & Spence, 

2012; Donnison & Penn-Edwards, 2012; Kift & Moody, 2009; Nicol, 2009). This may be 

particularly of interest for SVE where some students need to overcome anxiety and 

effective VLE usage may guide them. 

 

5.3.3 MEASUREMENT AND STIMULATION OF SELF-REGULATED LEARNING  

SRL plays a major role in learning that has been used for the theoretical 

underpinning of studies, including the current one. Fernandez and Jamet (2017) were first 

to indicate effective change in SRL through computer-based testing that increased 

performance. This was found by a qualitative research method. Tools that simultaneously 

promote and measure students’ SRL in VLEs are very promising to enhance the link 

between learning theory and scalable data analysis (Marzouk et al., 2016). Moreover, 

SRL in Dutch SVE was found to be different across the various vocational disciplines 

(Slaats et al., 1999). These researchers constructed a questionnaire to measure SRL in 

SVE which could provide valuable (and anonymous) insights about subgroups of 

students. Implementations of relatively simple but effective interventions may realize this 

and support teachers in this important guidance of learning.  
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5.4 Final remarks 

A first overview has been made of course-specific and level-specific assessment 

effects on performance within SVE. Similar to higher education, initial performance 

clearly determines end performance and weaker students are in need of additional care. 

To what extent initial performance, assessment and regularity may be beneficial for 

student learning, differs per SVE sublevel and could be regarded as distinctive research 

fields. For now, practice testing assessment seems a useful tool that benefits learning in 

SVE , but it’s value remains dependent on various aspects. Disentanglement of different 

VLE usages over time and implementing SRL-oriented design may translate to 

technology that improves personal learning with less dependency on human resources.    
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7 Appendix 
 

7.1 Appendix A: Example screenshots from a student in “Rekenblokken” 

 

 

A.1 Example page with question that represents all tests (questions per page differ)    

 

A.2 Assigned test results overview after submission. The reviewing is not yet 

assigned by the teacher, so there is no question correctness feedback. 
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A.3 Example of instruction/introduction for lesson exercises sets 
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A.4 Example of lesson exercises. If no attempts (pogingen in Dutch) are left, the 

correct answer is shown 

 

A.5 Example of hint in lesson exercises 
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A.6 Example of lesson tests before submission  

 

A.6 Example of lesson tests after submission (correctness feedback) 
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7.2 Appendix B: Number of students and end tests before and after filtering 

per domain 

 

Within each column the numbers are presented as (before filtering, after filtering).  

Filtering refers to the resulting set of reliable end test attempts after controlling for 

ambiguous answer submitted (AS) events with multiple sub-question scores or multiple 

end test IDs and duplicated split-up attempts. 

 

Domain number of students 
total number of end test 

submissions 

number of first end tests 

within domain 

Numbers 
before 
43303  

after 

43248 
before  
59732 

after 

 59334 
before 

 43304 

after 

 42340 

Proportions 36973  36930 47587 47323 36976 36927 

Measuring and 

measuring methods 
31930   31871 41733 41321 31930 31864 

Relations 24561  24522 29795 29546 24561 24513 

Total 93464 93323 119115 118190 93467 93304 

 

Total filtered out 196 1323 1127 
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7.3 Appendix C: Summary table of transformed variables as used for 

analysis 

 
 

C.1 comparison between subsets where initial performance is known and unknown 

(transformed variables) 

 
subset started with completed 
initial test (N=37444) 

subset started without completed 
initial test (N=63826) 

Total set 
(N=101270) 

end grade    

   Mean (SD) 6.34 (1.81) 5.97 (1.81) 6.11 (1.82) 
   Range 1.00 - 10.00 1.00 - 10.00 1.00 - 10.00 

initial grade    

   N-Miss 0 42827 42827 
   Mean (SD) 5.91 (1.79) 4.93 (2.15) 5.56 (1.98) 

   Range 1.00 - 10.00 1.00 - 10.00 1.00 - 10.00 

submission days    
   Mean (SD) 1.93 (0.73) 1.86 (1.03) 1.89 (0.93) 

   Range 1.00 - 7.68 0.00 - 6.78 0.00 - 7.68 

submission irregularity    
   N-Miss 13298 22265 35563 

   Mean (SD) 2.78 (1.54) 2.98 (1.67) 2.91 (1.62) 

   Range 0.00 - 13.67 0.00 - 14.21 0.00 - 14.21 

inactive period before end    

   N-Miss 0 8902 8902 
   Mean (SD) 4.38 (2.29) 4.17 (2.22) 4.25 (2.25) 

   Range 1.00 - 17.32 1.00 - 17.20 1.00 - 17.32 

period first submission to end    
   Mean (SD) 7.22 (2.76) 6.73 (3.84) 6.91 (3.49) 

   Range 1.00 - 17.32 0.00 - 18.14 0.00 - 18.14 

orientation test completion    
   Mean (SD) 1.23 (10.80) 5.23 (21.93) 3.75 (18.71) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

initial test completion    
   Mean (SD) 99.69 (1.42) 26.60 (41.23) 53.62 (48.13) 

   Range 90.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

nr_extra initial tests    
   Mean (SD) 1.05 (0.29) 0.31 (0.51) 0.58 (0.57) 

   Range 0.46 - 5.93 0.00 - 10.43 0.00 - 10.43 

topics covered by lesson exercises    
   Mean (SD) 12.08 (14.39) 14.38 (18.02) 13.53 (16.81) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

topics covered by lesson exercises at 

other levels 

   

   Mean (SD) 0.75 (3.98) 1.14 (5.06) 1.00 (4.70) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

topics covered by lesson tests    

   Mean (SD) 26.14 (27.04) 37.05 (35.59) 33.01 (33.11) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

topics covered by lesson tests at 

other levels 

   

   Mean (SD) 0.71 (5.03) 1.44 (7.71) 1.17 (6.85) 
   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 

orientation test CV time    

   N-Miss 6 10 16 

   Mean (SD) 0.07 (0.66) 0.32 (1.26) 0.23 (1.08) 

   Range 0.00 - 15.36 0.00 - 18.08 0.00 - 18.08 

initial tests CV time    
   N-Miss 0 159 159 

   Mean (SD) 5.99 (1.95) 2.37 (3.35) 3.71 (3.39) 

   Range 1.00 - 22.43 0.00 - 28.27 0.00 - 28.27 

lesson exercises CV time    

   N-Miss 83 417 500 

   Mean (SD) 7.03 (5.59) 6.82 (6.22) 6.90 (6.00) 
   Range 0.00 - 49.30 0.00 - 44.49 0.00 - 49.30 
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lesson tests CV time 

   N-Miss 414 390 804 
   Mean (SD) 3.61 (3.22) 4.45 (3.87) 4.14 (3.66) 

   Range 0.00 - 22.11 0.00 - 26.93 0.00 - 26.93 

end time    
   N-Miss 22 50 72 

   Mean (SD) 5.78 (1.43) 5.99 (1.41) 5.91 (1.42) 

   Range 1.41 - 22.05 0.00 - 21.33 0.00 - 22.05 

level-wide tests    

   Mean (SD) 0.08 (0.37) 0.09 (0.43) 0.09 (0.41) 

   Range 0.00 - 8.00 0.00 - 12.00 0.00 - 12.00 

sessions    

   N-Miss 0 5 5 

   Mean (SD) 4.32 (1.38) 4.27 (1.64) 4.29 (1.55) 
   Range 1.00 - 12.96 1.00 - 13.34 1.00 - 13.34 

Domain    

   Numbers 11089 (29.6%) 20837 (32.6%) 31926 (31.5%) 
   Measurements 7893 (21.1%) 14786 (23.2%) 22679 (22.4%) 

   Relations 7167 (19.1%) 11023 (17.3%) 18190 (18.0%) 

   Proportions 11295 (30.2%) 17180 (26.9%) 28475 (28.1%) 

F-level    

   1F 5537 (14.8%) 7349 (11.5%) 12886 (12.7%) 

   2F 20396 (54.5%) 34628 (54.3%) 55024 (54.3%) 
   3F 11511 (30.7%) 21849 (34.2%) 33360 (32.9%) 

    

    
    

C.2 Comparison between F-levels where initial performance is known (transformed 

variables) 

 

Variable name 1F (N=3087) 2F (N=14331) 3F (N=6728) Total (N=24146) 

end grade 
    

   Mean (SD) 6.72 (1.72) 6.00 (1.76) 6.06 (1.65) 6.11 (1.74) 

   Range 1.80 - 10.00 1.00 - 10.00 1.00 - 10.00 1.00 - 10.00 

previous performance (exploratory) 
    

   N-Miss 1096 5881 3361 10338 

   Mean (SD) 6.95 (1.53) 6.06 (1.55) 6.24 (1.56) 6.23 (1.58) 

   Range 1.80 - 10.00 1.30 - 10.00 1.20 - 10.00 1.20 - 10.00 

initial grade 
    

   Mean (SD) 5.98 (1.64) 5.36 (1.53) 5.44 (1.49) 5.46 (1.54) 

   Range 1.80 - 10.00 1.00 - 10.00 1.00 - 10.00 1.00 - 10.00 

assessment  days 
    

   Mean (SD) 2.55 (0.72) 2.35 (0.54) 2.24 (0.48) 2.35 (0.56) 

   Range 1.73 - 5.92 1.73 - 5.74 1.73 - 7.68 1.73 - 7.68 

assessment irregularity 
    

   Mean (SD) 2.81 (1.43) 2.75 (1.52) 2.85 (1.61) 2.78 (1.54) 

   Range 0.00 - 12.61 0.00 - 13.67 0.00 - 13.19 0.00 - 13.67 

period last assessment end test 
    

   Mean (SD) 3.95 (1.91) 4.02 (2.04) 3.85 (1.95) 3.97 (2.00) 

   Range 1.00 - 14.00 1.00 - 15.72 1.00 - 16.37 1.00 - 16.37 

period first assessment end test 
    

   Mean (SD) 8.18 (2.63) 8.06 (2.45) 7.79 (2.41) 8.00 (2.46) 

   Range 1.41 - 17.03 1.41 - 17.15 1.41 - 16.97 1.41 - 17.15 

orientation test completed 
    

   Mean (SD) 0.24 (4.77) 1.60 (12.39) 1.79 (12.84) 1.48 (11.84) 

   Range 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 0.00 - 100.00 
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Variable name 1F (N=3087) 2F (N=14331) 3F (N=6728) Total (N=24146) 

additional initial tests 
    

   Mean (SD) 1.02 (0.11) 1.03 (0.14) 1.02 (0.13) 1.02 (0.13) 

   Range 0.95 - 2.00 0.68 - 2.43 0.75 - 2.38 0.68 - 2.43 

lesson topics covered 
    

   Mean (SD) 5.16 (2.59) 3.72 (1.58) 3.11 (1.39) 3.73 (1.80) 

   Range 0.00 - 10.00 0.00 - 9.27 0.00 - 9.38 0.00 - 10.00 

lesson topics covered at other levels 
    

   Mean (SD) 0.77 (1.62) 0.30 (0.96) 0.09 (0.51) 0.30 (1.00) 

   Range 0.00 - 10.00 0.00 - 10.00 0.00 - 9.38 0.00 - 10.00 

lesson tests topics 
    

   Mean (SD) 5.27 (3.21) 5.68 (2.71) 4.60 (2.77) 5.32 (2.83) 

   Range 0.00 - 10.00 0.00 - 10.00 0.00 - 9.38 0.00 - 10.00 

lesson tests topics at other levels 
    

   Mean (SD) 0.67 (1.85) 0.18 (0.87) 0.04 (0.41) 0.20 (0.98) 

   Range 0.00 - 10.00 0.00 - 10.00 0.00 - 10.00 0.00 - 10.00 

average days between assessment 
    

   Mean (SD) 3.17 (1.13) 3.39 (1.13) 3.48 (1.17) 3.39 (1.14) 

   Range 1.00 - 10.95 1.00 - 11.55 1.00 - 11.53 1.00 - 11.55 

   Range 0.00 - 6.40 0.00 - 11.96 0.00 - 15.36 0.00 - 15.36 

initial test CV time 
    

   Mean (SD) 6.52 (2.14) 5.85 (1.75) 6.54 (2.13) 6.13 (1.95) 

   Range 1.00 - 18.65 1.73 - 20.64 1.41 - 22.43 1.00 - 22.43 

lesson exercises CV time 
    

   N-Miss 1 13 11 25 

   Mean (SD) 10.11 (4.93) 9.92 (4.46) 9.60 (4.84) 9.85 (4.64) 

   Range 0.00 - 32.48 0.00 - 47.77 0.00 - 49.30 0.00 - 49.30 

lesson tests CV time 
    

   N-Miss 34 175 90 299 

   Mean (SD) 4.92 (3.02) 4.95 (2.77) 4.84 (3.39) 4.91 (2.99) 

   Range 0.00 - 15.81 0.00 - 22.11 0.00 - 20.10 0.00 - 22.11 

end test CV time 
    

   N-Miss 0 10 3 13 

   Mean (SD) 5.64 (1.62) 5.64 (1.16) 6.41 (1.36) 5.86 (1.33) 

   Range 1.73 - 14.76 1.41 - 22.05 1.41 - 17.66 1.41 - 22.05 

level-wide tests 
    

   Mean (SD) 0.00 (0.00) 0.09 (0.31) 0.08 (0.31) 0.08 (0.29) 

   Range 0.00 - 0.00 0.00 - 2.00 0.00 - 2.83 0.00 - 2.83 

Sessions 
    

   Mean (SD) 5.50 (1.51) 4.69 (1.27) 4.50 (1.25) 4.74 (1.33) 

   Range 2.00 - 12.41 1.41 - 12.96 1.73 - 9.95 1.41 - 12.96 

end index order 
    

   1 1096 (35.5%) 5773 (40.3%) 3266 (48.5%) 10135 (42.0%) 

   2 1058 (34.3%) 4751 (33.2%) 2038 (30.3%) 7847 (32.5%) 

   3 698 (22.6%) 2497 (17.4%) 973 (14.5%) 4168 (17.3%) 

   4 235 (7.6%) 1310 (9.1%) 451 (6.7%) 1996 (8.3%) 

Domain 
    

   Numbers 684 (22.2%) 4537 (31.7%) 2426 (36.1%) 7647 (31.7%) 
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Variable name 1F (N=3087) 2F (N=14331) 3F (N=6728) Total (N=24146) 

   Measurements 1040 (33.7%) 2901 (20.2%) 1383 (20.6%) 5324 (22.0%) 

   Relations 425 (13.8%) 2416 (16.9%) 1047 (15.6%) 3888 (16.1%) 

   Proportions 938 (30.4%) 4477 (31.2%) 1872 (27.8%) 7287 (30.2%) 

nr end tests 
    

   1 250 (8.1%) 1698 (11.8%) 1051 (15.6%) 2999 (12.4%) 

   2 650 (21.1%) 3865 (27.0%) 1997 (29.7%) 6512 (27.0%) 

   3 912 (29.5%) 4004 (27.9%) 1656 (24.6%) 6572 (27.2%) 

   4 1275 (41.3%) 4764 (33.2%) 2024 (30.1%) 8063 (33.4%) 
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7.4 Appendix D: correlation tables per F-level 
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7.5 Appendix E: Multilevel models in R regarding heteroscedasticity  

 

Multilevel models assume homoscedasticity, equal variance of residuals (difference 

between the actual grade and estimated grade) across the estimated grades. In the 

programming language R, this assumption is not directly testable for level 1 residuals in 

multilevel models. Besides, making judgements on visual plots are suggested because it 

provides information how assumptions are possibly violated (Loy, 2010; Zuur, Ieno, & 

Elphick, 2010).  

Residual variance at the domain level was smaller for low grades and there seemed 

a trend present that residual values were higher for higher grades. This suggested 

heteroscedasticity was present and the assumption of the equal residual distribution was 

violated. Although this was not statistically confirmed, standard errors may assumed to 

be biased and therefore less reliable. 

 At the student level the heteroscedasticity could be tested and was problematic, 

based on the ratio between the lowest variance and biggest variance in residuals being 

bigger than 4 (Fox, 2015). This was probably due to the fact that the number of end tests 

differed from 1 to 4 per student. Level 2 heteroscedasticity does not affect level 1 

coefficients or standard errors (Maas & Hox, 2004), which were relevant for this study.  

Besides heteroscedasticity, generalized linear models for semi-continuous data might be 

another suitable analysis method because there was a ceiling effect due to the maximum 

end grades (10 out of 10). 

The common “cure” for heteroscedasticity is the derivation of robust standard errors. 

Deriving robust standard errors is less straightforward in multilevel models as in OLS 

and no direct tool is available in R (Wang & Merkle, 2016). As heteroscedasticity is a 

sign that the multilevel has been miss-specified, researchers stress that it is valuable 

information and not something to correct for, but to implement in a model. This could be 

done in R with the ‘lme’ function (Pinheiro, Bates, DebRoy, & Sarkar, 2006) As this is 

still rather difficult (it requires a thorough investigation) , a common approach in R is the 

use of the ‘rlmer’ to robustifiy the results rather than explaining them (Freedman, 2006; 

Koller, 2016; Wang & Merkle, 2016).  

However, this function does not just provide robust standard errors, but robustifies the 

complete regression results by weighting outliers with the Huber function and estimating 

the coefficients by robust scoring equations (Field & Wilcox, 2017). This method was 

employed for the final models to decrease the bias in standard errors and of outliers. 

Figure E.1 shows the difference in outliers and weighting. 

 

E.1 residual plots of multilevel model at 3F. Left: lmer, right: rlmer 

 


